Integration of remote sensing images in the development of environmental indicators in Mediterranean basins. Application for monitoring water status and productivity by Gómez Giráldez, Pedro Jesús
Programa de doctorado
Dinámica de Flujos Biogeoquímicos y sus Aplicaciones
TESIS DOCTORAL
Integración de imágenes de sensores remotos en el desarrollo de  
indicadores medioambientales en cuencas mediterráneas. Aplicación al 
seguimiento de su estado hídrico y productividad
Integration of remote sensing images in the development of environmental indicators in Mediterranean basins. 
Application for monitoring water status and productivity
Directores:
Dra María Patrocinio González Dugo
Dra Cristina Aguilar Porro
Doctorando:
Pedro Jesús Gómez Giráldez
Febrero 2020
TITULO: Integración de imágenes de sensores remotos en el desarrollo de
indicadores medioambientales en cuencas mediterráneas. Aplicación al
seguimiento de su estado hídrico y productividad
AUTOR: Pedro Jesús Gómez Giráldez
© Edita: UCOPress. 2020 
Campus de Rabanales





TÍTULO DE LA TESIS: Integración de imágenes de sensores remotos en el desarrollo
de  indicadores  medioambientales  en  cuencas  mediterráneas.  Aplicación  al
seguimiento de su estado hídrico y productividad
DOCTORANDO: Pedro J. Gómez Giráldez
INFORME RAZONADO DE LAS DIRECTORAS DE LA TESIS
(se hará mención a la evolución y desarrollo de la tesis, así como a trabajos y
publicaciones derivados de la misma).
María Cristina Aguilar Porro, Profesora Titular de la Universidad de Córdoba, y María
Patrocinio  González  Dugo,  Investigadora  Titular  del  Instituto  de  Investigación  y
Formación  Agraria  y  Pesquera  de  Andalucía,  IFAPA,  como  directoras  de  la  tesis
doctoral del alumno del Programa de Doctorado “Dinámica de Flujos Biogeoquímicos y
sus Aplicaciones” Pedro Jesús Gómez Giráldez.
INFORMAN
Que  el  doctorando  ha  cubierto  los  objetivos  presentados  en  la  tesis,  generado
indicadores de distintas variables ecosistémicas relacionadas con la productividad y el
estado  hídrico  en  sistemas  característicos  de  la  región  mediterránea  combinando
imágenes provenientes de sensores remotos de diferentes resoluciones espaciales,
espectrales  y  temporales,  con  registros  puntuales  procedentes  de  estaciones
meteorológicas.  Tras la  tesis,  y como conclusión de ésta, se han desarrollado tres
indicadores estrechamente ligados entre sí: un indicador del estado hídrico del suelo al
final  de  la  estación  seca  a  partir  del  estado  de  distintas  cubiertas  vegetales;  un
indicador de la productividad de los pastos naturales, principal sustento alimenticio de
la ganadería extensiva, a partir de su estado y las condiciones climáticas del período
de estudio; y, por último, un indicador del estado hídrico del suelo a partir del estado
fenológico en el que se encuentra la cubierta de pasto natural.
Además, el doctorando ha demostrado una gran capacidad de trabajo, tanto autónomo
como en equipo, y ha perfeccionado su conocimiento sobre herramientas de modelado
de la  producción  primaria  bruta,  realizando  numerosos  trabajos  de campo para  la
medida directa de la misma. Ha gestionado datos procedentes de sensores remotos
diversos y ha obtenido resultados en ecosistemas complejos como son las dehesas
típicas  del  sudeste de la  Península  Ibérica y  la  montaña mediterránea.  En ambos
casos,  la  variabilidad  en  cuanto  a  la  presencia  de  distintos  estratos  vegetales  y
gradientes  climáticos,  determina  la  presencia  de estrés  hídrico  variable  a  distintas
escalas temporales lo que supone un reto a la hora de analizar tendencias en estos
ecosistemas. Su capacidad expositiva y de discusión de resultados ha quedado de
manifiesto en todas las ocasiones en las que ha participado en foros científicos, por lo
que consideramos queda acreditada su excelencia como investigador en formación.
Tres de los capítulos de este trabajo se han plasmado en publicaciones en revistas
indexadas en el JCR (Q1), además de una aportación a un congreso indexado con
revisión por pares lo que avala la calidad del trabajo realizado. 
Las publicaciones concretas que derivan de esta tesis son:  
Artículos:
1 Gómez-Giráldez, P.J., Pérez-Palazón, M.J., Polo, M.J., González-Dugo, M.P.,
(2020). Monitoring grass phenology and hydrological dynamics of an oak-
grass savanna ecosystem using Sentinel-2 and terrestrial photography.
Remote Sensing, 12, 600; doi:10.3390/rs12040600 
2 Gómez-Giráldez, P.J., Aguilar, C., Caño, A.B., García-Moreno, A., González-
Dugo, M.P., (2019).Remote sensing estimation of net primary production
as  monitoring  indicator  of  holm  oak  savanna  management. Ecological
Indicators, 106, 105526. Doi: https://doi.org/10.1016/j.ecolind.2019.105526 
3 Gómez-Giráldez, P.J., Carpintero, E., Ramos, M., Aguilar, C., González-Dugo,
M.P.  (2018).  Effect  of  the  water  stress  on  gross  primary  production
modeling of a Mediterranean oak savanna ecosystem. Proc. IAHS, 95, 1–7,
2018. Doi: https://doi.org/10.5194/piahs-95-1-2018.
4 Gómez-Giráldez,  P.J.,  Aguilar,  C.,  Polo,  M.J.,  (2014).  Natural  vegetation
covers as indicators of the soil water content in a semiarid mountainous
watershed. Ecological  Indicators  46.   524–535.  doi:
10.1016/j.ecolind.2014.06.024
Congresos
 Gómez-Giráldez,  P.J.,  Torralbo,  P.,  Polo,  M.J.,  González-Dugo,  M.P.  2019.
Seguimiento fenológico de la vegetación de dehesa a partir de imagen digital
terrestre  e  imágenes  Sentinel-2.  58ª  Reunión  científica  de  la  Sociedad
Española de Pastos. Servicios ecosistémicos de los sistemas pastorales. 8-11
de Abril de 2019. Sevilla, España.
 Gómez-Giráldez, P.J., Carpintero, E., González-Dugo, M.P. 2019. Evaluación
del efecto del estrés hídrico en el cálculo de la producción primaria bruta (GPP)
de los pastos de dehesa mediante sensores remotos. 58ª Reunión científica de
la  Sociedad  Española  de  Pastos.  Servicios  ecosistémicos  de  los  sistemas
pastorales. 8-11 de Abril de 2019. Sevilla, España.
 González-Dugo, M.P., Gómez-Giráldez, P.J., Carpintero, E., Andreu, A., 2019.
Monitoring of  pasture net  primary production  and water stress using remote
sensing  in  a  holm  oak  savanna  rangeland.  The  13th  Dahlia  Grienlinger
International Symposium. 4-6 de Marzo de 2019. Haifa, Israel.
 Gómez-Giráldez,  P.J.,  Aguilar,  C.,  García,  A.,  Caño,  A.B.,  González-Dugo,
M.P.,  2018.  Estimación  de  la  producción  de  pastos  herbáceos  a  diferentes
escalas  mediante  sensores  remotos.  57ª  Reunión  científica  de  la  Sociedad
Española de Pastos. III Congreso Nacional de Vías Pecuarias y Trashumancia.
25-29 de Junio de 2018. Teruel, España.
 Gómez-Giráldez,  P.J.,  Aguilar,  C.,  García,  A.,  Caño,  A.B.,  González-Dugo,
M.P., 2018.  Estimation of pasture production at different scales using remote
sensing in a holm oak savanna rangeland.  Geophysical  Research Abstracts,
Vol.  20,  EGU2018-14655,  2018.   EGU  General  Assembly  2018.  Vienna,
Austria.
 Workshop:  Current  issues  in  hydrological  sciences:  scientific  and  societal
challenges for the future. Universidad de Córdoba. (Octubre de 2017). Córdoba,
España.
 Gómez-Giráldez, P.J., Aguilar, C., García-Moreno, A., Caño, A.B., González-
Dugo, M.P.,  2015. Estimación de la  producción de pasto natural  a partir  de
sensores remotos como apoyo a la gestión integral de ecosistemas de dehesa.
Teledetección, humedales y espacios protegidos. XVI Congreso de la AET. 21-
23 Octubre 2015. Sevilla, España.
 Workshop:  Recent  Advances in  Snow Processes in  Mediterranean Regions.
Universidad de Córdoba. (Diciembre 2014). Córdoba, Spain
 Gómez-Giráldez,  P.J.,  Jiménez,  V.,  González-Dugo,  M.P.,  2014  Monitoring
Pasture Production in Extensive Systems for an Integrated Management of Oak
Savannas. Copernicus Users & Training Event, 13th - 14th February, Lisbon,
Portugal.
Por todo ello, se autoriza la presentación de la tesis doctoral 
Córdoba, 13 de febrero de 2020
Firma de las directoras
    
Fdo.:María Cristina Aguilar Porro  Fdo.: M.ª Patrocinio González Dugo

Tesis por compendio de artículos
Esta  tesis  cumple  el  requisito  establecido  por  la  Universidad  de  Córdoba  para  su
presentación  por  compendio  de  artículos,  con  3  artículos  publicados  en  revistas
incluidas  en  los  3  primeros  cuartiles  de  la  relación  de  revistas  del  ámbito  de  la
especialidad.
1. Gómez-Giráldez, P.J., Aguilar, C., Polo, M.J., (2014). Natural vegetation covers as
indicators  of  the  soil  water  content  in  a  semiarid  mountainous  watershed.
Ecological Indicators 46.  524–535. doi: 10.1016/j.ecolind.2014.06.024
Datos de 2014 (JCR): índice de impacto 3.444, posición 34/223 (Q1) del área temática
Environmental sciences.
2. Gómez-Giráldez, P.J., Aguilar, C., Caño, A.B., García-Moreno, A., González-Dugo,
M.P., (2019).Remote sensing estimation of net primary production as monitoring
indicator of holm oak savanna management. Ecological  Indicators, 106, 105526.
Doi: https://doi.org/10.1016/j.ecolind.2019.105526 
Datos de 2018 (JCR): índice de impacto 4.49, posición 45/251 (Q1) del área temática
Environmental sciences.
3.  Gómez-Giráldez,  P.J.,  Pérez-Palazón,  M.J.,  Polo,  M.J.,  González-Dugo,  M.P.,
(2020).  Monitoring grass phenology and hydrological dynamics of an oak-grass
savanna  ecosystem  using  Sentinel-2  and  terrestrial  photography.  Remote
Sensing, 12, 600; doi:10.3390/rs12040600 
Datos de 2018 (JCR): índice de impacto 4.118, posición 7/30 (Q1) del área temática
Remote Sensing.
El doctorando:
Fdo: Pedro J. Gómez Giráldez

La ciencia es el poder del ser humano
(Gendo Rokubungi, Neon Génesis Evangelion)

AGRADECIMIENTOS
A mis directoras, Mª Pat y Cristina, sin su confianza esto no hubiera sido posible.
A los compañeros del Máster de Hidráulica Ambiental porque ahí empezó la motivación.
A  los  compañeros  de  DFH,  gracias  al  equipo  montado  por  María  José  aprendí  a  ser
investigador. Mención especial a Elena y Pepa que me han sacado de más de un apuro.
A mis compañeros de IFAPA, Alma, Belén, Ana, Eli, Mario… una parte de esta tesis también
es vuestra.
Al apoyo externo de mis amigos que me han hecho todo más fácil  y me han tenido que
soportar.  En especial  a David y Truji  porque siempre me han dado buenas soluciones en
momentos críticos, y a Manolo por su ayuda artística.
A mis hermanos, que da igual lo que haga que siempre me apoyarán.
A Pao (y Finidi) porque ha conseguido que el tramo final sea más llevadero, gracias.




Resumen           ……………………   1 
Abstract           ……………………   3 
 
CAPÍTULO I. Introducción y objetivos       ……………………   5 
I.1. Características climáticas e hidrológicas de las cuencas mediterráneas  ……………………   6 
I.2. Características de las cubiertas vegetales en cuencas mediterráneas  ……………………   8 
I.3. Sensores remotos: funcionamiento y características    ……………………   9 
I.4. Aplicación de sensores remotos a las cubiertas vegetales   …………………… 11 
I.5. Objetivos          …………………… 15 
I.6. Estructura de la tesis        …………………… 16 
I.7. Referencias          …………………… 18 
 
CAPÍTULO II           …………………… 23 
Natural vegetation covers as indicators of the soil water content   
in a semiarid mountainous watershed.       …………………… 24 
 
CAPÍTULO III          …………………… 25 
III.1. Remote sensing estimation of net primary production   
as monitoring indicator of holm oak savanna management.    …………………… 26 
III.2. Effect of the water stress on gross primary production modeling  
of a Mediterranean oak savanna ecosystem      …………………… 27 
 
CAPÍTULO IV          …………………… 34 
Monitoring grass phenology and hydrological dynamics  
of an oak-grass savanna ecosystem using Sentinel-2 and terrestrial photography …………………… 35 
 
CONCLUSIONES         …………………… 58 
RESUMEN 
 
En las cuencas mediterráneas, el clima se caracteriza por veranos muy calurosos en los que 
no se suelen producir precipitaciones, lo que genera un fuerte y periódico estrés hídrico en sus 
cubiertas vegetales cuya intensidad está relacionada con el carácter hidrológico de la estación 
húmeda antecedente. Además, esta situación tiende a agravarse en los frecuentes episodios de 
sequía, provocando una disminución de la productividad de estos ecosistemas. Actualmente existe 
una gran cantidad de datos disponibles, gratuitos y a escala global, con un gran potencial para el 
seguimiento de los procesos asociados a los balances de agua y energía en estos tipos de 
cuencas.  
En esta tesis se plantea el uso de imágenes provenientes de sensores remotos de 
diferentes resoluciones espaciales, espectrales y temporales que, combinadas con registros 
puntuales procedentes de estaciones meteorológicas, permitan la generación de indicadores de 
distintas variables ecosistémicas relacionadas con la productividad y el estado hídrico en sistemas 
característicos de la zona mediterránea. En concreto, se plantea el desarrollo de tres indicadores 
estrechamente ligados entre sí: un indicador del estado hídrico del suelo al final de la estación 
seca a partir del estado de varios tipos de cubierta vegetal; un indicador de la productividad de los 
pastos naturales, principal sustento alimenticio de la ganadería extensiva, a partir de su estado y 
de las condiciones climáticas del período evaluado; y, por último, un indicador que relacione el 
estado hídrico del sistema y el estado fenológico en el que se encuentra el estrato herbáceo. Las 
zonas de estudio seleccionadas son, para el primer indicador, la cuenca del río Guadalfeo 
(Granada), que se caracteriza por presentar un gradiente de altitud desde el nivel del mar hasta 
más de 3000 m.s.n.m. a tan solo 50 km de distancia a la costa, lo que determina una gran 
heterogeneidad espacial en cuanto a meteorología, hidrología, tipos y usos de suelo, etc. En este 
contexto, la estimación indirecta del estado de humedad antecedente de forma rutinaria a partir de 
la información obtenida de ciertas cubiertas existentes en la zona puede ser una solución óptima 
en estudios hidrológicos a escala de cuenca. En cuanto al segundo y tercer indicador, la zona de 
estudio son los ecosistemas de dehesa de Andalucía. El seguimiento regular y de forma objetiva 
de la producción de pasto permitiría proporcionar a los propietarios y gestores una información 
clave para regular su uso y contribuir a su conservación, sin un aumento excesivo de los costes. 
Por otro lado, los cambios fenológicos que se pueden observar como consecuencia del 
calentamiento global, cuyo efecto se prevé especialmente intenso en esta región, y cómo el clima 
y la hidrología los condicionan, puede ser una herramienta clave para evaluar el impacto de esta 
amenaza y tomar las decisiones adecuadas para hacerle frente. 
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Los resultados han mostrado la capacidad de los sensores remotos para la obtención de 
este tipo de indicadores: el contenido de agua en el suelo en época estival presentó correlaciones 
mayores a 0,7 con el estado de la vegetación arbustiva de la cuenca del Guadalfeo; la estimación 
de la producción de pasto natural en las dehesas de Andalucía arrojó errores en torno al 13% con 
respecto a la producción medida en campo; por último, los umbrales de cambio de estado en la 
humedad de suelo (capacidad de campo y punto de marchitez permanente) se determinaron con 
menos de 10 días de diferencia con respecto a los cambios de estado fenológico en el pasto 





In the Mediterranean basins, the climate is characterized by very hot summers in which 
rainfall is not usually produced, which generates a strong and periodic water stress in its vegetation 
cover. The intensity of this water stress is related to the hydrological regime of the previous wet 
season. In addition, this situation tends to worsen in frequent episodes of drought, causing a 
decrease in the productivity of these ecosystems. There is currently a large amount of data 
available, free of charge and on a global scale, with great potential for monitoring the processes 
associated with water and energy balances in these types of basins. 
This thesis proposes the use of remote sensing images of different spatial, spectral and 
temporal resolutions that, combined with specific records from meteorological stations, can be 
used to generate indicators of different ecosystem variables related to productivity and water status 
in different unique systems of the Mediterranean area. Specifically, the development of three 
indicators closely linked to each other is proposed: an indicator of the water status of the soil at the 
end of the dry season from the state of different vegetation covers; an indicator of the productivity 
of natural pastures, the main food support for extensive livestock, based on their status and the 
climatic conditions of the period evaluated; and, finally, an indicator of the relationship bewteen 
water state of the soil and the natural pasture phenological state. The selected study areas are, for 
the first indicator, the Guadalfeo river basin (Granada), characterized by presenting a gradient of 
altitude from sea level to more than 3000 m.a.s.l. only 50 km away from the coast, which 
determines a great spatial heterogeneity in terms of meteorology, hydrology, types and land soil, 
etc. In this context, the indirect estimation of the state of antecedent moisture from the information 
obtained from existing covers in the area may be an optimal solution in hydrological studies at 
basin scale. Regarding the second and third indicators, the study area is the dehesa ecosystems 
of Andalusia, since the monitoring of pasture production would provide key information to owners 
and managers to regulate their use and contribute to their conservation, without an excessive 
increase in costs. On the other hand, the phenological changes that can be observed as a result of 
global warming, whose effect is expected to be especially intense in this region, and how the 
climate and hydrology condition them, can be a key tool to assess the impact of this threat and 
make the right decisions to deal with it. 
The results have shown the ability of remote sensing to obtain this type of indicators: the 
water content in the soil during the summer season showed correlations greater than 0.7 with the 
state of shrub vegetation; the estimation of the production of natural pastures showed errors of 
about 13% with respect to the production measured in the field; finally, the thresholds of change of 
state in soil moisture (field capacity and permanent wilting point) were determined less than 10 
3





INTRODUCCIÓN GENERAL Y OBJETIVOS
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I.1. Características climáticas e hidrológicas de las cuencas mediterráneas 
 
Las zonas que presentan clima mediterráneo se encuentran entre los 30º y 45º de latitud 
(Aschmann, 1973) y aunque la mayor parte se encuentre concentrada en el mar Mediterráneo, 
cubriendo un 20% de la superficie de la Unión Europea, también se extiende por las costas de 
California, Chile, Sudáfrica y el sur de Australia (Strahler y Strahler, 1989). Este clima se 
caracteriza principalmente por su estacionalidad (Martín Vide y Olcina, 2001), presentando 
inviernos suaves y húmedos y veranos secos y calurosos. La temperatura media anual está en 
torno a los 16,5 ºC pero la amplitud térmica es bastante grande al presentar valores sobre los 
40ºC en verano y bajo cero en invierno. La precipitación media anual es de unos 600-650 mm 
pero varía mucho desde las zonas más áridas con menos de 300 mm, a las más húmedas con 
unos 1000 mm. Esta variabilidad se debe a la cercanía o lejanía al mar y al incremento de ésta 
con la altitud (Robles et al., 2002). Por lo general, en zonas de interior nos encontramos un 
ambiente más frío y seco, y en cotas altas hay un régimen mayor de precipitaciones. Una 
particularidad del régimen de precipitaciones es que la ocurrencia de las mismas no tiene lugar en 
verano, lo que, unido a que en esta época se da el máximo en temperaturas, produce un 
importante estrés hídrico que da lugar a periodos de fuertes sequías y posteriores eventos de 
torrencialidad una vez se producen las primeras lluvias (Molina et al., 1994). Esto hace al clima 
mediterráneo especialmente vulnerable al cambio climático (Kovats et al., 2014), donde las 
proyecciones actuales para esta región prevén un aumento de la temperatura y un mayor cambio 
en el régimen de precipitaciones (Norant y Douguédroit, 2006; Cortesi et al., 2007; Solomon et al., 
2017).  
En esta tesis se ha querido recoger la variabilidad climática de los ecosistemas 
mediterráneos seleccionando dos sistemas que cubren gran parte del territorio de la Comunidad 
Autónoma de Andalucía: ecosistema de montaña mediterránea y ecosistema de dehesa (Fig I.1). 
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Figura I.1. Situación de las zonas de estudio de la tesis: zona de dehesa de Andalucía (verde) y cuenca del 
Guadalfeo (azul). 
La zona escogida de representación de montaña mediterránea es la cuenca del río 
Guadalfeo (Granada), en la cual se pueden encontrar cinco de los seis pisos bioclimáticos 
existentes en el clima mediterráneo (Rivas-Martínez 1987) en apenas los 50 km que separan la 
costa de su máxima altitud de 3482 m.s.n.m. El termomediterráneo, con una importante influencia 
costera y con la casi total ausencia de heladas; el mesomediterráneo con heladas en invierno y 
sequía estival; el supramediterráneo, que corresponde a media montaña, presenta temperaturas 
muy bajas en el invierno, pero en el verano las temperaturas son más suaves que en el anterior; el 
oromediterráneo, que es el piso de alta montaña cubierto de nieve buena parte del invierno; y el 
crioromediterráneo que corresponde a las zonas de cumbres.  
En cuanto al segundo ecosistema tipo analizado, las zonas de dehesa, se aborda el 
seguimiento de la totalidad de la zona de dehesa de Andalucía, que cubre más de un millón de ha 
(1.07·106 ha, https://www.cma.junta-andalucia.es/medioambiente/site/rediam). Este ecosistema 
está presente tanto en zonas de montaña como en altitudes más bajas, teniendo la particularidad 
de haber sido conformadas por el ser humano para su aprovechamiento. La gran extensión 
abarcada conlleva una amplia variabilidad en las mismas en cuanto a características de 




I.2. Características de las cubiertas vegetales en cuencas mediterráneas 
 
La vegetación mediterránea está constituida preferentemente por especies perinnifolias de 
hojas pequeñas y coriáceas (Almeida, 2009) y bosques de no mucha densidad arbórea pero sí un 
denso sotobosque como consecuencia del clima cálido y seco. En zonas de poca altitud 
predominan los Quercus spp, mientras que en zonas más altas comienzan a aparecer coníferas 
principalmente Pinus spp, y Abies spp. El sotobosque está formado por una gran diversidad de 
matorral, tanto en especies como en estructura, y por pastizales. Esta diversidad da lugar a un 
gran número de endemismos y especies protegidas. En concreto en las zonas mediterráneas se 
pueden encontrar 146 tipos de hábitats, 148 especies animales y 270 especies de plantas de 
interés comunitario (Red Natura 2000). Gran parte de esta vegetación queda representada en las 
zonas de estudio seleccionadas en este trabajo. 
 Parte de la cuenca del Guadalfeo se encuentra dentro del Parque Natural y Nacional de 
Sierra Nevada, contando con especies endémicas como como son Artemisa granatensis, Areanria 
pungens, Dianthus brachyabnthus o Alyssum longicaule. En esta cuenca, debido a su fuerte 
gradiente altitudinal y al igual que se encuentran distintos pisos bioclimáticos, se extienden 
amplias zonas de matorrales típicos mediterráneos que se mezclan a veces con masas poco 
densas de Quercus spp y zonas de pinares de repoblación. En las zonas más altas se encuentra 
pastizal de alta montaña. 
 Las zonas de dehesa estudiadas están fundamentalmente compuestas por pastizales con 
un estrato arbóreo de Quercus ilex y Quercus suber (este último más predominante en la mitad 
occidental de Andalucía). Los pastos de la dehesa constituyen formaciones vegetales con una 
elevada diversidad, hasta 164 especies vegetales en una finca (proyecto BIOBIO). La amplia 
distribución de la dehesa y la variabilidad climática que esta distribución conlleva, unida a la propia 
gestión de estas fincas (métodos de pastoreo y paisajes en mosaico) hacen posible esta 
biodiversidad (García-Moreno et al., 2016). En este ecosistema, además de la intervención 
humana, la disponibilidad de agua es fundamental en la conformación de un paisaje combinado de 
pastos y árboles, que es el único estado estable de equilibrio cuando ocurre una marcada 
estacionalidad en la disponibilidad de agua (Eagleson y Segarra, 1985). Además de su 
importancia en la biodiversidad, los pastos de dehesa son el principal alimento de la ganadería 
extensiva propia de estos sistemas, lo que los convierten en un recurso económico fundamental 
cuyo adecuado mantenimiento requiere la continua intervención humana. Por ello, la estimación 
de su producción es útil para el seguimiento del estado de la vegetación y puede informar sobre la 
idoneidad/insuficiencia de su gestión.  
 La variabilidad climática descrita anteriormente propia de la cuenca mediterránea junto a la 
cambiante topografía de las regiones concretas de estudio (donde se alternan zonas rocosas, 
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montañosas, altitudes medias, zonas de playa, etc.) tienen un importante efecto en la variedad de 
asociaciones vegetales y por tanto en su biodiversidad, ya que la vegetación que crece en un área 
determinada establece relaciones de interacción entre sí formando asociaciones vegetales 
características. Además, se han observado cambios fenológicos como resultado de cambios en el 
clima (Nazir et al., 2018), por lo que el seguimiento de la fenología de estos ecosistemas 
mediterráneos es clave para evaluar adecuadamente los impactos del calentamiento global. Este 
seguimiento requiere observaciones frecuentes y que requieren mucho tiempo y recursos, 
especialmente en áreas de difícil acceso..  
I.3. Sensores remotos: funcionamiento y características 
 
El término “sensores remotos” hace referencia a aquellos instrumentos que pueden captar 
información de un objeto a cierta distancia. En el ámbito de la observación de la tierra, esta 
información se presenta en forma de imágenes de la superficie terrestre obtenidas por sensores 
instalados generalmente en plataformas aéreas o espaciales. Esta obtención remota de imágenes 
junto a las técnicas de análisis de las mismas es lo que se conoce como teledetección (Chuvieco 
1990). Este tipo de observaciones se remontan a las fotografías obtenidas desde globos 
aerostáticos en el siglo XIX, pero la primera cámara aérea se usó en la Primera Guerra Mundial 
donde quedó patente la utilidad estratégica de estas técnicas (Brookes, 1975) que ya se 
desarrollaron ampliamente en la Segunda Guerra Mundial. No fue hasta 1960 cuando comenzó el 
uso civil de la teledetección (TIROS-1, satélite para observación meteorológica) y hoy en día es 
ampliamente utilizada en campos como la cartografía, agricultura, valoración ambiental, 
arqueología o seguimiento de catástrofes (Baker et al., 2001). Esta expansión se debe a las 
ventajas que presenta esta técnica, como permitir una cobertura global cuando se emplean 
satélites, la posibilidad de análisis multiescala no destructivos, proporcionar información en 
regiones no visibles del espectro, o la repetitividad e inmediatez en formato digital (Chuvieco 
2002).  
La teledetección puede emplear dos tipos de sensores: activos o pasivos. Los sensores 
activos emiten energía y posteriormente registran la radiación reflejada por el objetivo (por 
ejemplo, los sistemas de radar), mientras que los pasivos detectan la radiancia natural emitida o 
reflejada por objetivo como respuesta a la radiación solar incidente. En cualquiera de los casos, el 
flujo de energía entre la superficie objetivo y el sensor constituye una radiación electromagnética. 
Esta radiación se agrupa en distintas regiones con longitudes de onda (o frecuencia) con un 
comportamiento similar que se denomina espectro electromagnético (Fig I.2). En esta tesis se 
utilizan únicamente sensores pasivos y se presta especial interés a las regiones del visible (VIS) y 
del infrarrojo cercano (NIR), regiones en las cuales la vegetación presenta comportamientos 
característicos en función de su abundancia, estado o vigor. 
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Figura I.2. Espectro electromagnético. Fuente: Elaboración propia a partir de Chuvieco 1990. 
Las propiedades de las imágenes proporcionadas por cada sensor dependen de la 
combinación de resoluciones que posea el sistema: (i) resolución espacial o tamaño en tierra del 
píxel de la imagen, (ii) espectral o número de bandas, longitud de onda y anchura que mide el 
sensor en el espectro electromagnético,(iii) radiométrica o capacidad del sensor para distinguir 
diferentes intensidades de radiación y (iv) temporal o frecuencia de adquisición de imágenes sobre 
un mismo punto. Estas resoluciones a menudo están relacionadas entre sí a la hora de escoger 
un sensor u otro en función del objetivo del estudio, puesto que el aumento de cualquiera de las 
cuatro resoluciones implica un aumento del volumen de datos. En esta tesis se han usado 
imágenes provenientes de los siguientes sensores a bordo de satélites (ordenados de menor a 
mayor resolución espacial): 
- MODIS (Moderate Resolution Imaging Spectroradiometer): a bordo de los satélites Aqua y 
Terra posee una resolución temporal de 1 a 2 días, una resolución espectral de 36 bandas que 
van desde 0.4 a 14 µm, una resolución radiométrica de 12 bits y una resolución espacial de 250 m 
(bandas 1 y 2), 500 m (bandas 3 a 7), 1 km (bandas 8 a 36) 
(https://modis.gsfc.nasa.gov/about/specifications.php).  
- TM (Thematic Mapper) y ETM+(Enhanced Thematic Mapper Plus): a bordo de los satélites 
Landsat 5 y Landsat 7 respectivamente. Ambos sensores presentan una resolución temporal de 
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16 días, una resolución espectral de 7 bandas TM y de 8 ETM+ que van de 0.45 a 12.5 µm, una 
resolución radiométrica de 8 bits y una resolución espacial de 30 m (bandas de 1 a 5 y 7). Ambos 
sensores presentan una banda 6 en la región del térmico con una resolución espacial de 120 m 
para TM y de 60 m para ETM+. Además, ETM+ posee una banda pancromática (banda 8) de 15 m 
de resolución espacial (https://landsat.gsfc.nasa.gov/the-thematic-mapper/;  
https://landsat.gsfc.nasa.gov/the-enhanced-thematic-mapper-plus/). 
- MSI (MultiSpectral Instrument): a bordo de los satélites Sentinel-2 (A y B) presentan una 
resolución temporal de 10 días (5 días si se combinan Sentinel-2A y Sentinel-2B), una resolución 
espectral de 13 bandas de 0.44 a 22 µm, una resolución radiométrica de 12 bits y una resolución 
espacial de 10 m (bandas 2 a 4 y 8), 20 m (bandas 5 a 7, 8a, 11 y 12) y 60 m (bandas 1, 9 y 10) 
(https://sentinel.esa.int/web/sentinel/user-guides/sentinel-2-msi/resolutions). 
El uso combinado de información procedente de este grupo de sensores permite hacer un 
estudio en detalle de las zonas mediterráneas a diferentes escalas espaciales, abordando la 
escala regional (MODIS), la escala de cuenca (TM y ETM+) y la escala de parcela (MSI). La 
selección de la escala espacial idónea para cada estudio concreto condiciona el éxito de este 
pues las relaciones entre variables ambientales pueden variar al modificarse la escala (Andersson 
et al., 2011; Ehlerinder y Field, 1993). 
I.4. Aplicación de sensores remotos a las cubiertas vegetales 
 
La radiancia que captan los sensores remotos pasivos en las distintas regiones del espectro 
electromagnético es función de la cantidad de radiación que reflejan las distintas cubiertas 
terrestres en dichas longitudes de onda. La radiación reflejada por cada superficie es lo que se 
conoce como reflectividad, y si se expresa en función de la longitud de onda se conoce como 
firma espectral. La Fig I.3 muestra un ejemplo de la firma espectral de pasto natural y de suelo 
desnudo en la región VIS/NIR/SWIR, medida en campo con un radiómetro de campo ASD 
FieldSpec en una finca de dehesa en Cardeña (Córdoba) en febrero de 2019. En ella se puede 
observar cómo la reflectividad del suelo desnudo aumenta ligeramente y de forma más o menos 
constante de las bandas visibles a la infrarroja del espectro. Por el contrario, el pasto muestra una 
reducida reflectividad en las bandas visibles, con una ligera subida en el verde (550 nm 
aproximadamente), y con un fuerte incremento en el infrarrojo cercano. 
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Fig I.3. Firma espectral de pasto natural y de suelo desnudo tomadas con un radiómetro de campo ASD 
FieldSpec en una finca de dehesa en Cardeña (Córdoba) en febrero de 2019. 
A su vez, cada cubierta concreta presenta variaciones en su respuesta espectral respecto a 
las curvas promedio en función de diversos factores. En el caso de la vegetación, tanto su 
composición química (contenido de clorofila, nitrógeno, fibra, etc..) como el contenido de humedad 
del mesofilo o la estructura de la cubierta modifican la reflectividad en diferentes porciones del 
espectro. En el caso del suelo, su contenido en humedad y el color, derivado de su composición, 
son los factores más influyentes. Por ello, el análisis de las variaciones del espectro en un suelo 
concreto permite, por ejemplo, obtener información sobre la evolución del contenido de humedad 
de este. No obstante, estos datos son solo representativos de los primeros centímetros del perfil 
del suelo (Ellis et al., 2009) no cubriendo muchos procesos hidrológicos que puedan ser de 
interés.  
El comportamiento espectral de las cubiertas vegetales es la base sobre la que se 
desarrollaron los índices de vegetación, que son una combinación algebraica de los valores de 
reflectividad medidos en diferentes bandas. Están diseñados para extraer la máxima información 
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relacionada con la vegetación, minimizando la influencia de perturbaciones como las debidas al 
suelo y a las condiciones atmosféricas (Huete, 1988).  
Los índices de vegetación han sido usados de manera efectiva en múltiples aplicaciones, 
como se muestran diversas revisiones sobre el tema en los últimos años (Glenn et al 2008; Xue y 
Su 2017). Entre estas aplicaciones está la caracterizarización cultivos y cubiertas naturales a 
través el seguimiento de diferentes variables biofísicas como la fracción de cobertura, el índice de 
área foliar, o la fracción de PAR (Radiación fotosintéticamente activa) absorbida (Padilla et al 
2011; González-Dugo & Mateos, 2008). Estas variables son empleadas con frecuencia como 
información de partida para modelar los intercambios de agua (González-Dugo et al. 2009, Jódar, 
et al. 2018), energía (Andreu et al., 2015, 2018) y CO2 (Klosterhalfen et al., 2019; Huete et al., 
2015) entre la cubierta terrestres y la atmósfera. Estos últimos han sido aplicados con éxito sobre 
bosques homogéneos (Zhou et al., 2017), pastizales abiertos (Hill et al., 2004) o cultivos (Yuan et 
al., 2015). Sin embargo, la mayor parte de las aplicaciones se centran en ecosistemas completos 
y homogéneos, prestando escasa atención al comportamiento diferente de los componentes 
específicos del dosel. 
El seguimiento de la climatología/hidrología en los climas mediterráneos se hace difícil ya 
que las variables necesarias para su calibración (Chaponnière et al., 2008)   suelen requerir 
estaciones de aforo que muchas veces distan demasiado de la zona de estudio en particular. 
Además, la ausencia de precipitaciones en el periodo estival hace imposible evaluar el estado 
hidrológico de las cuencas mediterráneas en esta época (Maneta et al., 2008) y están 
determinados en gran medida por las condiciones previas de humedad del suelo (Castillo et al., 
2003). Por ello, la calibración de modelos hidrológicos constituye un problema importante en áreas 
semiáridas. En este contexto, el estado de la vegetación derivado de los índices de vegetación ha 
servido como herramienta indirecta para estimar cambios en la disponibilidad de agua (Aguilar et 
al 2012) o como indicador del régimen global anual (Gómez-Giráldez et al 2012) 
 Por otro lado, los sensores remotos abren nuevas posibilidades para complementar 
aproximaciones para caracterizar la dinámica de la vegetación que tradicionalmente han requerido 
un intenso trabajo de campo, como es el seguimiento fenológico. Este interés se ha intensificado 
además en los últimos años debido al impacto del cambio climático en los cambios fenológicos de 
las plantas. Ejemplo de ello son los estudios que muestran seguimientos a escala global (Jin et al 
2013), en cultivos (Peña-Barragán et al 2011, Poenaru et al 2017) o en bosques (Pastor-Guzmán 
et al 2018). El sensor MSI a bordo de Sentinel-2 se ha usado con éxito en seguimiento fenológico, 
sobre todo combinado con otros satélites (Skakun et al 2019) debido a la escasa serie temporal 
disponible ya que fue lanzado en 2015. Este sensor presenta nuevas posibilidades por poseer 
bandas en el Red Edge, la región de cambio rápido en la vegetación aproximadamente a 700 nm 
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(Fig I3), pero este potencial para mejorar la precisión de la estimación de las etapas de transición 
fenológica aún no se ha explorado por completo.  
A pesar de las ventajas que ofrece la teledetección en el seguimiento de la fenología, como 
la posibilidad de abordar de forma simultánea grandes superficies o alcanzar zonas de difícil 
acceso, siempre es necesario complementar esta información con medidas en campo, en 
ocasiones difícil de conseguir. Con frecuencia estos datos no están disponibles por la dificultad de 
acceso, en otros casos su repetitividad no es suficiente para llevar a cabo estos estudios. En los 
últimos años, el uso de cámaras digitales terrestres ha empezado a representar una solución 
rentable en muchas aplicaciones de seguimiento fenológico. Estas cámaras proporcionan 
información confiable y en tiempo real para el seguimiento de la fenología de la vegetación y 
existen redes bien consolidadas para compartir estos datos como la red PHENOCAM 
(https://phenocam.sr.unh.edu/webcam/ ). El uso combinado de toda esta información tiene un 
importante valor para profundizar en el seguimiento de la fenología de las plantas y su relación 





























El objetivo general de esta tesis es evaluar el potencial de la información proporcionada por 
los sensores remotos para desarrollar indicadores medioambientales que permitan cuantificar y 
realizar un seguimiento objetivo y regular de la vegetación de las cuencas mediterráneas, 
prestando especial atención a su productividad y al estado hídrico del sistema. Para ello, se 
plantean los siguientes objetivos específicos: 
- Caracterizar de las principales variables biofísicas que describen estos sistemas y su 
estado, y que pueden ser derivadas a partir de los datos proporcionados por sensores remotos. 
- Evaluar el uso del estado de la vegetación natural en condiciones semiáridas, determinado 
mediante sensores remotos, como indicador del estado hídrico del suelo, y analizar su relación 
con las características hidrológicas antecedentes a escala de cuenca empleando para ello un 
modelo hidrológico distribuido. 
- Desarrollar y evaluar el funcionamiento de un modelo de estimación de biomasa adaptado 
a los pastos de la dehesa y que tenga en consideración la existencia y el efecto del arbolado. 
Explorar el potencial de este indicador para realizar un seguimiento regular del ecosistema que 
permita mejorar su gestión y su conservación.  
- Analizar la relación entre los cambios de estado fenológico del pasto natural y los cambios 
hídricos del ecosistema combinando las imágenes proporcionadas por una cámara digital 
terrestre, con imágenes de satélite y datos meteorológicos. Proponer indicadores de seguimiento 



















I.6. Estructura de la tesis 
 
La estructura de la tesis se presenta esquematizada en la figura I.4. Cada capítulo aborda 
los siguientes aspectos: 
 - En el presente Capítulo 1 se plantean los antecedentes, los objetivos y la estructura de la 
tesis. La caracterización de las distintas variables biofísicas, prepuesta en el objetivo específico 
(OE) 1, se desarrolla a lo largo de todos los capítulos de la misma, ya que en cada uno de ellos 
una o varias variables biofísicas sirven como información de partida para obtener diferentes 
indicadores.  
 - El Capítulo 2 desarrolla el indicador del estado hídrico del suelo a partir del vigor de las 
cubiertas vegetales y corresponde al OE-2.  
Gómez-Giráldez, P.J., Aguilar, C., Polo, M.J., (2014). Natural vegetation 
covers as indicators of the soil water content in a semiarid mountainous 
watershed. Ecological Indicators 46.  524–535. doi: 
10.1016/j.ecolind.2014.06.024 
 - El Capítulo 3 aborda el OE-3 y desarrolla el indicador de seguimiento de producción de 
pastos a partir de datos meteorológicos e información de imágenes de satélite. En este capítulo 
también se profundiza en el efecto del estrés hídrico en este indicador para cubiertas adehesadas, 
como punto de partida para futuras mejoras y revisiones del modelo. 
Gómez-Giráldez, P.J., Aguilar, C., Caño, A.B., García-Moreno, A., 
González-Dugo, M.P., (2019).Remote sensing estimation of net primary 
production as monitoring indicator of holm oak savanna management. 
Ecological Indicators, 106, 105526. Doi: 
https://doi.org/10.1016/j.ecolind.2019.105526  
Gómez-Giráldez, P.J., Carpintero, E., Ramos, M., Aguilar, C., González-
Dugo, M.P. (2018). Effect of the water stress on gross primary production 
modeling of a Mediterranean oak savanna ecosystem. Proc. IAHS, 95, 1–
7, 2018. Doi: https://doi.org/10.5194/piahs-95-1-2018. 
 - El Capítulo 4 desarrolla el indicador que vincula la fenología del pasto y la hidrología del 
sistema, abordando el OE-4 . 
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a  b  s  t  r  a  c  t
This paper  investigates  the  use  of  the  vegetative  state  of  natural  covers  as an indicator  of soil  moisture
conditions  at  the  end  of  the  dry season  in  order  to evaluate  the  cumulative  effect  of  the  hydrological
regime.  To achieve  this,  the  three  major  vegetation  covers  in  a mountainous  semiarid  environment  in
southern  Spain  were  selected.  Temporal  and  spatial  trends  of  NDVI  from  Landsat-TM  images  were  com-
puted and  related  to the  different  hydrological  patterns  of  variables  in  the  study  site,  which  were  obtained
with the  hydrological  WiMMed  model.  The  heterogeneity  in the  hydrological  behavior  during  the  study
period  (914.5  mm  of  annual  rainfall  in the  wettest  year  (2009–2010)  and 284.4  mm  in  the  driest  year
(2004–2005))  was reflected  in  the annual  differences  in  NDVI  values  with  steady  mean  NDVI  values  in
coniferous  vegetation  (0.5–0.6)  and  more variable  values  in  scrub  cover.  Both  Correlation  Analysis  and
Principal  Component  Analysis  showed  correlations  among  the  different  states  of the  vegetation  cover,
the  variables  involved  in  the  soil  water  balance  and  those  related  to the snow  dynamics  of the  antecedent
year.  Exponential  fits  were  obtained  between  the  mean  annual  soil  water  content  and  NDVI  values  with
Pearson  r2 coefficients  of  over  0.7  in  scrub  cover.  In certain  years,  the  best  fits  were  also  found  in scrub
cover  with  r2 values  of  up to 0.9. These  results  demonstrate  the  relationship  between  soil  water  con-
tent,  the  vigor  of the  natural  vegetation  and  the  hydrological  characteristics  of  the  antecedent  year.  The
expressions  obtained  may  serve  to adjust  the  soil  water  content  at the beginning  of  a hydrological  year
and  to use  the  scrub  cover  as  an indicator  of  the  soil water  balance  in  the area  for  a  given year.
©  2014  Elsevier  Ltd.  All  rights  reserved.
1. Introduction
Distributed hydrological models at the watershed scale require
the calibration of the parameters involved in the computation of
hydrological processes (Refsgaard, 1997). The number of param-
eters depends on the complexity of the model in terms of the
spatial and temporal discretization applied by the model to solve
the hydrological cycle. The calibration process is always carried
out with water flow data registered at certain control stations
in the watershed (Chaponnière et al., 2008; Moussa et al., 2007).
However, other intermediate variables calculated by the models
(e.g. infiltration, soil moisture, runoff, etc.) could be used in the
∗ Correspondence to: IFAPA—Área de Producción Agraria, Consejería de Agri-
cultura, Pesca y Desarrollo rural, Centro Alameda del Obispo Apdo. 3092, 14080
Córdoba, Spain. Tel.: +34 669205615.
E-mail address: pjgomezgiraldez@gmail.com (P.J. Gómez-Giráldez).
calibration process, especially under situations with scarce water
flow data. This is crucial in semiarid areas where the absence of
hydrological response at the outlet of the watershed, for most of
the time, makes it impossible to evaluate the internal status of the
watershed (Maneta et al., 2008). However, a combination of both
the technical difficulties in measuring intermediate variables at the
watershed scale on a regular basis and financial issues mean that
hydrographs are more commonly used instead.
Soil moisture constitutes the main state variable in the soil
vadose zone, since it determines the partition of rainfall into infil-
tration and runoff in a storm event, and the loss of moisture
between storm events. In Mediterranean areas, runoff events are
often caused by high-intensity storms of a short duration (Moussa
et al., 2007) and reduced to a limited number of runoff events
per year. They are largely determined by antecedent soil mois-
ture conditions (Castillo et al., 2003) and thus, their calibration in
continuous hydrological modeling constitutes a major problem in
semiarid areas.
http://dx.doi.org/10.1016/j.ecolind.2014.06.024
1470-160X/© 2014 Elsevier Ltd. All rights reserved.
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A B S T R A C T
The management of large areas such as the dehesa (a multifunctional agrosilvopastoral system), with approxi-
mately 3 million ha in the Iberian Peninsula, requires effective tools to help decision-making on different scales.
This work focuses on the monitoring of pasture production using remote sensors. An adaptation of a Light Use
Efficiency (LUE) model has been applied using meteorological data and satellite images on two scales: Regional
scale – the dehesa area of Andalusia (Southern Spain) with data of the MODerate resolution Imaging
Spectroradiometer (MODIS, MOD09Q1 product) during the hydrological years 2013/2104 and 2014/2015; on a
field scale – after pasture improvements, using the earth observation satellites SENTINEL-2 during the hydro-
logical years 2015–2016 and 2016–2017.
The adaptation of the model proposed in this work pays special attention to: the spatial and temporal in-
terpolation of meteorological variables; the presence of a tree layer as part of the ecosystem that influences
spectral data and needs to be taken into account and subtracted accordingly; the estimation of the fraction of
photosynthetically active radiation absorbed by the pasture (fPAR); and the empirical estimation of the light use
efficiency for natural grasslands, using biomass field measurements.
The results obtained presented an error of around 13%, considered adequate for the applications addressed in
this study, suggesting that this approach can be useful as an indicator for monitoring the net primary production
in this ecosystem.
1. Introduction
The Mediterranean oak savanna (known as dehesa in Spain and
montado in Portugal) is one of the most distinctive and representative
agrosilvopastoral systems in Europe, covering around 3.1 million hec-
tares in Spain and Portugal (Moreno and Pulido, 2008). It is an open
forest, populated primarily by holm oaks (Quercus ilex), but cork oak
(Quercus suber), Portuguese oak (Quercus faginea) or wild olives (Olea
europaea var sylvestris) often appear. The sparse structure of the system
allows the proliferation of pastures for livestock and wildlife, fostering a
multiple use of the land, which also provides important ecosystem
services such as soil protection or the conservation of key habitats for
biodiversity, as well as important cultural and historical values.
The conservation of the system requires a continuous human in-
tervention to keep up an adequate structure, and a balance of key ca-
nopy components. In the last decades, several threats have endangered
this conservation. These are: mainly lack of tree regeneration, the loss
of fertile soil by erosion, a strong incidence of root rot caused by soil-
borne pathogen Phytophthora cinnamomi (Pulido and Picardo, 2010)
and an increase in aridity and rainfall torrentiality that may be ex-
acerbated in the future by climate change conditions (Collins et al.,
2013; Nunes et al., 2017). In addition, social and economic aspects,
such as the low profitability and the aging of the workforce associated
with these systems, suggest the need for a renewal of management
practices and conservation policies aiming at improving the sustain-
ability and resilience of the system (Gómez-Giráldez et al., 2016).
One of the main products of these areas, the annual pastures used
for livestock feed, seems to be decreasing in recent years according to
the biomass reduction trend observed in the southwest of the Iberian
Peninsula (Giner et al., 2012). This reinforces the need for a close
monitoring of this ecosystem, and the development of effective in-
dicators, timely and accurate for assessing the vegetation status and
https://doi.org/10.1016/j.ecolind.2019.105526
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Abstract. Dehesa ecosystem consists of widely-spaced oak trees combined with crops, pasture and Mediter-
ranean shrubs. It is located in the southwest of the Iberian Peninsula, where water scarcity is recurrent, severely
affecting the multiple productions and services of the ecosystem. Upscaling in situ Gross Primary Produc-
tion (GPP) estimates in these areas is challenging for regional and global studies, given the significant spatial
variability of plant functional types and the vegetation stresses usually present. The estimation of GPP is often
addressed using light use efficiency models (LUE-models). Under soil water deficit conditions, biomass pro-
duction is reduced below its potential rate. This work investigates the effect of different parameterizations to
account for water stress on GPP estimates and their agreement with observations. Ground measurements of GPP
are obtained using an Eddy Covariance (EC) system installed over an experimental site located in Córdoba,
Spain. GPP is estimated with a LUE-model in the footprint of the EC tower using several approaches: a fixed
value taken from previous literature; a fixed value modified by daily weather conditions; and both formulations
modified by an additional coefficient to explicitly consider the vegetation water stress. The preliminary results
obtained during two hydrological years (2015/2016 and 2016/2017) are compared, focusing on specific wet and
dry periods.
1 Introduction
Dehesa (known as montado in Portugal) ecosystem com-
bines forest, agricultural and extensive livestock productions,
presenting important ecosystem services and cultural values.
It is composed of sparse trees (mainly holm oak) and an un-
dergrowth of shrub, pasture or herbaceous crop, constitut-
ing a characteristic landscape of the southwest of the Iberian
Peninsula (Parsons, 1962).
This landscape is characterized by the low fertility of the
soils, not suitable for regular farming, and a Mediterranean
climate with a high vulnerability to global warming, with in-
creasingly extreme droughts and torrential rainfalls (Kovats
et al., 2014).
The assimilation of CO2 due to the vegetation is repre-
sented by the gross primary production (GPP). This pro-
duction is often estimated from remote sensing based on
the works of Monteith (1972) that use biophysical vari-
ables and subsequently validated with eddy covariance (EC)
systems (e.g. Migliavacca et al., 2009; Wagle et al., 2014;
Zhang et al., 2015). These models, known as light use effi-
ciency (LUE) models, relate the incident solar radiation with
the photosynthetic activity of the plant, or canopy, through
a LUE parameter, which is the amount of biomass produced
per unit of radiation absorbed. Under soil water deficit con-
ditions, biomass production is reduced below its potential
rate, but this effect is sometimes addressed only indirectly
by these models.
The objective of this work is to test different approaches to
consider water stress on GPP estimates over a dehesa ecosys-
tem using a LUE-model. GPP has been estimated with a
LUE-model using field data, Sentinel-2 images, meteorolog-
ical information and several LUE approaches: a fixed value;
Published by Copernicus Publications on behalf of the International Association of Hydrological Sciences.
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Figure 1. Study site (a), Aerial photography of the area (b), EC tower (c) and field measurements example (d).
a fixed value modified by daily weather conditions; and both
formulations with an additional coefficient to explicitly con-
sider the vegetation water stress. The results were compared
to those obtained from an EC system from July 2015 to
September 2017, analyzing the behavior of the selected ap-
proaches at different temporal scales.
2 Material and methods
2.1 Study site and eddy covariance data
The study site is a farm located in Cardeña (Córdoba, Spain)
(Fig. 1a), part of an environmental protected area. It presents
an average rainfall of 720 (±150) mm per year, cold winters,
long and dry summers and periodic severe droughts.
The EC system is installed in a gently sloped area with
uniform fetch (length in the prevailing wind direction) and
homogeneous vegetation (holm oak and pasture) (Fig. 1b
and c). The equipment is located at 18 m above ground level
in order to minimize the effect of roughness (trees present
7-8 meters of height). A limited number of available mea-
surements caused by a loss of data of the EC tower during
one month occurred in the first trimester of 2016. GPP was
estimated using Eq. (1):
GPP= NEE−Reco (1)
where NEE is the net ecosystem exchange given by the EC
and Reco is the respiration of the heterotrophic part of the
ecosystem which was calculated by a day-time based flux-
partitioning algorithm (Lasslop et al., 2010).
2.2 Application of a LUE-model
The GPP was estimated using an adaptation of Mon-
teith (1972) model (Eq. 2):
GPP= fPAR PARε (2)
where GPP (g m−2) is the gross primary production, fPAR
(dimensionless) is the fraction of photosynthetically active
radiation absorbed by the vegetation, PAR (MJ m−2) is the
photosynthetically active radiation and ε (g MJ−1) is the light
use efficiency.
2.2.1 Estimation of fPAR
Sentinel-2 images and field measurements have been com-
bined to estimate fPAR. A set of 55 Sentinel-2 cloud-free
images were selected (Fig. 2a) and the NDVI was calculated
using bands 4 (red) and 8 (NIR) (Fig. 2b) for the study pe-
riod. The resulting images were linearly interpolated pixel
by pixel to obtain a daily NDVI image with 10 m of spatial
resolution.
For the transformation NDVI to fPAR, holm oaks and the
pasture were addressed separately. For the holm oak, fPAR
was monthly monitored by measuring 15 selected trees from
the footprint area of the EC during the study period with a
LP-80 ceptometer (Fig. 1d) and computing an average from
these values that was used as constant value per month. For
the pasture, it was used a linear relationship of NDVI-fPAR
determined from satellite data in a previous study over the
same area (Gómez-Giráldez et al., 2018). The separation
Proc. IAHS, 95, 1–7, 2018 proc-iahs.net/95/1/2018/
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Figure 2. RGB Sentinel-2a image (7 April 2016) (a), NDVI (7 April 2016) (b) and fcover images (28 July 2017) (c).
between tree and pasture at pixel level was done assum-
ing that the spectral response of both canopies is additive
(e.g. Lu et al., 2003; Blanco et al., 2016). To differentiate the
percentage of trees and pasture in each pixel, the coverage
fraction image (fcover) was obtained using SNAP toolbox
by ESA (http://step.esa.int/main/toolboxes/snap/, last access:
25 July 2018). The Sentinel-2 image of 28 July 2017 was
used as reference (Fig. 2c). On this date, the pasture is totally
dry and the fcover corresponded only to the tree canopy and
can be considered constant.
With these premises, Eq. (3) was obtained:
fPAR= fPARoakfcover+ fPARpasture(1− fcover). (3)
Finally, to obtain a daily value representative of EC footprint
area, a daily footprint function was calculated and used to
weigh image pixels. The final data is the sum of the product
of fPAR and footprint weights.
2.2.2 Estimation of PAR
The PAR estimation is computed using daily values of solar
radiation measured with a 4-component net radiometer NR-
1 and a reducing factor of 0.48 according to Szeicz (1974),
obtained from measurements in a set of points distributed
throughout the globe.
2.2.3 Estimation of ε
A maximum value (εmax) of 0.77 was selected, based on the
results obtained by Running et al. (2000) for wooded grass-
land. Four methods were analysed:
1. Max: the use of εmax to test the need to attenuate it.
2. Meteo: it uses the attenuation proposed by Running et
al. (2000) considering the climatic variables that re-
duce the efficiency of the plant: minimum daily temper-
ature (Tmin) and the vapour pressure deficit (VPD). A
scalar minimum temperature and the scalar VPD, which
are simple linear ramp functions between 0 and 1 de-
rived from the daily values of Tmin and VPD. These lin-
ear function are obtained using threshold values, where
the minimum and maximum value for Tmin correspond
to 0 and 1 vales of scalar Tmin (increasing function) re-
spectively; and minimum and maximum value for VPD
correspond to 1 and 0 vales of scalar VPD (decreas-
ing function respectively). The threshold values used
were: −8 and 11.39 ◦C for Tmin, and 0.65 and 3.1 kPa
for VPD.
3. W : the use of an attenuation factor due to the water





where W (dimensionless) is the water stress coeffi-
cient multiplying εmax value; ET (mm day−1) is the
proc-iahs.net/95/1/2018/ Proc. IAHS, 95, 1–7, 2018
29
4 P. J. Gómez-Giráldez et al.: Effect of water stress on GPP modeling of a Mediterranean oak savanna ecosystem
Figure 3. Temporal profile of the GPP fluxes: (a) EC, max and meteo (b) EC, W and all.
daily evapotranspiration of the system by the method
of Bowen (1926); and ETr (mm day−1) is the reference
evapotranspiration estimated by the Hargreaves formula
(Hargreaves and Samani, 1985).
4. All: this approach consider the application of the two
previous attenuations, reducing the εmax by multiplying
both, W and the scalar VPD and Tmin.
All the meteorological data required for the calculations were
obtained from half-hour measurements of the EC system.
2.3 Study of the methods
In order to study the 4 methods at different temporal scales,
the correlation coefficient (R2) of the linear regressions, the
root mean squared error (RMSE) and the Mean Absolute Per-
centage error (MAPE) of the four methods were calculated at
different temporal scales: (i) daily data was analysed for the
entire study period; (ii) average values were computed for
each of the two hydrological years (1 October to 30 Septem-
ber) 2015/2016 and 2016/2017; (iii) data was averaged in
terms of wet (1 October to 15 May) and dry periods (15 May
to 30 September).
Finally, the accumulated values for each hydrological year
and period were obtained and compared to the measurements
of the EC.
3 Results and discussion
The values obtained for fPAR and W for the area vary be-
tween 0.2 and 0.7, and 0.03 and 1.10, respectively with av-
erage values for the study period of 0.44 and 0.38. Both
variables presented a high variability, representative of the
Mediterranean climate and vegetation. The average values
for ε along the study period were: 0.3 g MJ−1 for meteo
method, 0.29 g MJ−1 for W method and 0.14 for all method.
Figure 3 shows the temporal profile of GPP at daily scale
obtained by the EC and estimated with the four methods con-
sidered. The seasonal variation of GPP along the study period
can be appreciated, with clear differences between wet and
dry periods.
Proc. IAHS, 95, 1–7, 2018 proc-iahs.net/95/1/2018/
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Figure 4. Comparison of GPP measured by the EC vs. max (a), EC vs. meteo (b), EC vs. W (c) and EC vs. all (d). Blue: wet period; orange:
dry period; circle: 2015/2016; triangle: 2016/2017; black line: 1 : 1 line.
The method max (Fig. 4a) presented the weak-
est correlation (0.48) as expected, the highest error
(RMSE= 0.88g m−2; MAPE= 78 %) and a general overes-
timation. The meteo method (Fig. 4b) improved the results
which were similar to those of the W method (Fig. 4c) with
no significant biases. Finally, despite the method all (Fig. 4d)
underestimated the GPP (MAPE= 43 %), it presented the
best correlation (0.65) and lower RMSE (0.51 g m−2). The
correlation values obtained using W were lower than those
obtained previously by Gilabert et al. (2015), but this differ-
ence could be explained by the significant higher spatial res-
olution of this analysis, 10 m, compared to the aggregation at
1 km of their study.
It can be appreciated that there are very low values in sum-
mer when the photosynthetic activity is lower. The pasture
is dry and not contributing, and the stomata of the trees are
often closed. The methods W and all performed poorly in
this range of very low GPP values. The other cases (max
and meteo) did not present this effect because they overes-
timated GPP.
The results obtained for both hydrological years (Table 1)
were of similar order of magnitude.
The results obtained during the wet periods (Table 1) pre-
sented the poorest correlations. The 2016/2017 wet period
presented an analogous behaviour, in terms of correlations
and errors, compared to that obtained with the whole hy-
drological year but with lower correlation values. However,
the 2015/2016 wet period showed a similar correlation value
(around 0.4) in all methods possibly due to the gap in EC.
The results for the dry periods showed the highest corre-
lation (over 0.8 and 0.7 in 2016 and 2017 respectively) but
with higher dispersion (higher MAPE than wet period) and
the use of the water stress factor improved the results. This
difference between the periods confirms the findings of pre-
vious studies (e.g. Heinsch et al., 2006).
Finally, Table 2 presents the accumulated GPP values and
the differences in percentage with respect to the EC data.
Comparing the accumulated GPP the max method strongly
overestimated the GPP, in both dry periods (around 150 %)
and wet periods (around 50 %). All underestimated about a
proc-iahs.net/95/1/2018/ Proc. IAHS, 95, 1–7, 2018
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Table 1. R2, RMSE (g m−2) and MAPE (%) obtained by comparison with EC measurements for 2015/2016 and 2016/2017 in the four
methods, and over wet and dry periods.
Hydorological year
2015/2016 R2 RMSE (MAPE) 2016/2017 R2 RMSE (MAPE)
max 0.57 0.87 (76) max 0.40 0.86 (82)
meteo 0.58 0.74 (36) meteo 0.59 0.64 (45)
W 0.64 0.84 (34) W 0.62 0.60 (30)
all 0.65 0.59 (42) all 0.68 0.40 (44)
Wet period
2015/2016 R2 RMSE (MAPE) 2016/2017 R2 RMSE (MAPE)
max 0.52 1.15 (43) max 0.28 0.90 (49)
meteo 0.46 0.77 (30) meteo 0.40 0.70 (40)
W 0.47 1.10 (35) W 0.30 0.67 (29)
all 0.44 0.75 (36) all 0.44 0.43 (44)
Dry period
2016 R2 RMSE (MAPE) 2017 R2 RMSE (MAPE)
max 0.77 0.6 (149) max 0.65 0.75 (158)
meteo 0.80 0.41 (47) meteo 0.70 0.61 (48)
W 0.84 0.52 (31) W 0.73 0.53 (39)
all 0.84 0.41 (48) all 0.75 0.40 (55)
Table 2. Accumulated GPP (g m−2 day−1) for hydrological year
and wet and dry period. The percentage represents the difference
respect to EC data.
Hydrological year
2015/2016 GPP % 2016/2017 GPP %
EC 273.9 EC 238.7
max 562.2 +105.2 max 473.9 +98.5
meteo 282.4 +3.1 meteo 245.6 +2.9
W 248.4 −9.3 W 204.9 −14.2
all 147.0 −46.3 all 117.1 −50.9
Wet period
2015/2016 GPP % 2016/2017 GPP %
EC 133.6 EC 160.0
max 214.2 +60.4 max 232.2 +45.1
meteo 133.2 −0.3 meteo 142.3 -11.0
W 138.2 −3.4 W 137.4 +14.1
all 85.7 −35.8 all 82.2 −48.6
Dry period
2016 GPP % 2017 GPP %
EC 101.7 EC 72.5
max 241.3 +137.3 max 198.2 +173.4
meteo 118.6 +16.6 meteo 82.7 +14.1
W 96.7 -4.9 W 61.8 −14.8
all 57.0 −43.9 all 32.1 −55.7
45 % independently dry or wet period. Meteo attenuation re-
sults obtained for hydrological year and especially for wet
period were the most accurate (11 % or less). W attenua-
tion was the most accurate for dry periods (differences lower
than 15 %), results that agree with other studies as Dong et
al. (2015).
4 Conclusions
This study explored different approaches to estimate GPP
considering environmental factors and present a preliminary
assessment of four different methods. On a daily scale, the
combined use of a water stress index and meteorological at-
tenuation provided better GPP estimates regarding R2 and
RMSE than the other formulations, especially for the dry sea-
son. However, this method presented a bias at daily scale that
for the accumulated values resulted in a significant underes-
timation of seasonal values.
The use of a fixed value of ε presented the poorest results,
supporting the need for environmental attenuation factors, as
the approaches tested here. Meteo and W provided similar
estimates, even when the nature of the attenuation considered
was different. Further analysis of these factors is required to
propose a specific model suited to dehesa ecosystem.
Data availability. Data sets are available upon request by contact-
ing the correspondence author.
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Abstract: Annual grasslands are an essential component of oak savanna ecosystems as the primary 
source of fodder for livestock and wildlife. Drought resistance adaptation has led them to complete 
their life cycle before serious soil and plant water deficits develop, resulting in a close link between 
grass phenology and soil water dynamics. In this work, these links were explored using a 
combination of terrestrial photography, satellite imagery and hydrological ground measurements. 
We obtained key phenological parameters of the grass cycle from terrestrial camera data using the 
Green Chromatic Coordinate (GCCc) index. These parameters were compared with those provided 
by time-series of vegetation indices (VI) obtained from Sentinel-2 (S2) satellites and time-series of 
abiotic variables, which defined the hydrology of the system. The results showed that the 
phenological parameters estimated by the S2 Normalized Difference Vegetation Index (NDVI) (r = 
0.83, p < 0.001) and soil moisture (SM) (r = 0.75, p < 0.001) presented the best agreement with ground-
derived observations compared to those provided by other vegetation indices and abiotic variables. 
The study of NDVI and SM dynamics, that was extended over four growing seasons (July 2015–
May 2019), showed that the seasonality of both variables was highly synchronized, with the best 
agreements at the beginning and at the end of the dry seasons. However, stage changes were 
estimated first by SM, followed by NDVI, with a delay of between 3 and 10 days. These results 
support the use of a multi-approach method to monitor the phenology and the influence of the soil 
moisture dynamic under the study conditions. 
Keywords: vegetation indices; oak –grass savanna; phenology; hydrology; Sentinel-2 
 
1. Introduction 
Monitoring the phenology of Mediterranean ecosystems is key to adequately assessing the 
impacts of global warming on different time scales, identifying pre-critical states in the framework of 
early warning decision-making systems, and establishing adaptation planning and management in 
the medium- to long-term time horizons. The natural variability of the climatic–hydrological regime 
in these areas, usually with complex spatial patterns of the vegetation that is sometimes difficult to 
access, makes it necessary to exploit the available data from remote sensing sources.  
The holm oak savanna ecosystem of the Iberian Peninsula (known as dehesa in Spain and montado 
in Portugal) is an ancient system emerging as the only productive and sustainable structure able to 
deal with the combination of low soil fertility and the high variability of the Mediterranean climate 
[1]. This landscape is formed by a low density of holm oak trees, an understory of grasslands and, 
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occasionally, shrubs and crops of cereals and legumes. The result is a mixture of natural facto and 
management, making it difficult to differentiate the absolute determinants of its structure [2]. 
However, water availability is known to be important in the conformation of this mixture of grasses 
and woody plants which, as stated in [3], is the only stable state of equilibrium when a marked 
seasonality in water availability occurs. In this state, canopy density maximizes biomass, thus 
minimizing water stress [4]. Annual grasslands are an essential component of this system as the 
primary source of fodder for livestock, and is the main economic activity in these areas, but also 
contains a high richness of vascular plants supporting a wide diversity of habitats [5]. The escape 
mechanism—i.e., the ability for the plant to complete its life cycle before serious soil and plant water 
deficits develop [6]—is used by these grasses to cope with the long summer dry season and the 
recurrent water scarcity events of the Mediterranean climate. This results in a close link between grass 
phenology and soil water dynamics.  
Plant phenological shifts have been observed as a result of changes in the climate [7–10]. 
Phenological research has advanced in developing climate–phenology models derived from ground 
observations [11,12] and also in improving the monitoring methods constructed from satellite 
information [13]. In recent years, the use of remote sensing in the study of phenology has increased 
thanks to a greater availability of global products, which allow one to extend these studies in space 
and time. In particular, the use of vegetation indices (VIs) has been generalized to determine changes 
in vegetation on different spatial scales, ranging from centimeters to tens of kilometers. Some 
examples are the use of the AVHRR (Advanced Very-High-Resolution radiometer) sensor for global 
studies [14–16]; broad scale analysis using MERIS (Medium Resolution Imaging Spectrometer) and 
MODIS (Moderate-Resolution Imaging Spectroradiometer) data for maize crops and forests [17,18]; 
studies on a detailed scale using Landsat or ASTER (Advanced Spaceborne Thermal Emission and 
Reflection Radiometer) for multiple crops monitoring [19,20]; and at a very high spatial resolution 
with UAVs (unmanned aerial vehicles) in vineyards [21]. The Sentinel-2 (S2) sensor, part of the 
European Union Copernicus Program, has provided the renewed possibility of addressing canopy 
phenological changes on a local scale with high spatial and temporal resolutions (10–20 m or 5 days), 
and an improved spectral resolution providing narrow bands in the red-edge region. Despite the 
short time series available (from July 2015 to present), S2 has been used for the monitoring of 
vegetation, addressing aspects such as phenology [22], complementing other sensor datasets such as 
MODIS [23] or Landsat [24], and monitoring biophysical variables through the proposal of new 
indices making use of the red-edge bands [25]. However, its potential for improving the accuracy of 
estimating the phenological transition stages has not been fully explored yet. 
Remote sensing studies rely on field data of phenological parameters to explain their results. 
However, field monitoring requires frequent and time-consuming observations, especially over areas 
which are difficult to access. The use of digital terrestrial cameras offers a cost-effective solution, 
providing real-time and reliable information to track vegetation phenology. Previous studies have 
used cameras for phenological monitoring [26,27], and the creation of networks of these cameras for 
a more global phenological follow-up is being increasingly demanded [28]. In addition, these cameras 
can complement the information provided by other equipment, such as weather stations or eddy 
covariance systems, in a wide range of applications [29–32]. The combination of these ground 
observations with satellite images has also been explored [33–35], and the integration of highly 
detailed terrestrial photography with large-scale satellite images is a promising tool that could reduce 
the scale gap between phenological field and remote sensing studies.  
The Mediterranean climate of this area presents a high vulnerability to global warming, with an 
increasing occurrence of extreme droughts and torrential rainfall. This region is projected to warm 
more and experience greater changes in the precipitation regime over the course of the century [36–
38]. An improved knowledge of how climate and hydrology influence plant phenology is key to 
making appropriate decisions to cope with these threats [39]. In addition, changes in values of 
satellite VIs have proved to be able to reflect the heterogeneity of the hydrological behavior in this 
region [40]. In the same line, phenological variations, assessed by using satellite data, could be useful 
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for evaluating the cumulative effect of the hydrological regime over large areas, in a capacity that 
would not be achievable with a field observation network. 
In this work, images provided by a terrestrial camera were combined with meteorological 
information and satellite data to provide an insight into the dynamics of phenological processes and 
their links with the hydrological behavior of the grassland of an oak–grass savanna ecosystem. On 
this basis, the objectives of the present study were: 1) to explore the potential of the S2 satellites to 
monitor phenological changes over grasslands using a variety of vegetation indices derived from 
different band combinations, both broadband and narrowband indices, taking advantage in the latter 
case of the new possibilities offered by the red-edge bands of these satellites, 2) identify the links 
between hydrology and vegetation phenology derived from terrestrial photography, evaluating the 
response of grass vegetation and its life cycle to changes in the main abiotic variables controlling this 
system, and 3) study the relationship between satellite VIs and the hydrological state of the system 
regarding their ability to monitor grassland phenology. 
2. Material and Methods 
2.1. Study Site and Datasets 
The study was conducted in a dehesa farm, called “Santa Clotilde” (Figure 1a), located in 
Southern Spain (Córdoba, 38º 12′ 37′’ N, 4º 17′ 24′’ W, 734 m.a.s.l.) [41]. It is part of an environmentally 
protected area (Sierra de Cardeña y Montoro Natural Park) with a landscape composed of sparse holm 
oak trees and natural grasses. The semiarid climate in this region is characterized by cold winters and 
long dry summers, with periodic severe droughts. Beef cattle and pigs are raised extensively on 
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Figure 1. (a) Farm location. (b) Aerial photography of the experimental site, including the 
location of the weather station and the terrestrial digital camera and its field of view (FOV). 
(c) Image from the terrestrial digital camera and region of interest (ROI) for natural grass 
used in the analysis (red polygon). 
Field measurements were taken at a grass-dominated site (Figure 1b), in which the grasses were 
annual species of a medium size (with a maximum plant height between 0.5–1 m) and a variable 
coverage. The field has a great variety of species, chiefly grams such as Vulpia spp, Bromus spp or 
Aegilops spp, although legumes such as Trifolium spp, Ornithopus spp, Uncaria spp or Medicago spp 
arealso found[42]. The soil at the site is dominated by Eutric Cambisols, with a loamy sand texture in 
the grass root zone (0–30 cm). The soil moisture content, modeled at field capacity (FC) and wilting 
point (WP) [43], was equal to 0.18 and 0.08 m3/m3, respectively. 
The site’s instrumentation included a digital camera, micrometeorological equipment and soil 
moisture probes. Terrestrial photography was acquired using a CC5MPX Digital Camera (Campbell 
Sci. Inc) installed at a height of 1.65 m above the ground surface. This is a programmable camera of 5 
megapixels which has been specially prepared to be placed outdoors (at a thermal amplitude –40 to 
60 °C). Its field of view (FOV) is 790 square meters (Figure 1b), and images were obtained from the 
installation every hour over the daylight period, generally from 8 a.m. to 6 p.m., from the beginning 
of December 2017 to the end of May 2019.  
According to data availability, two study periods were defined: a first period, herein called A, 
from December 2017 to May 2019, with available terrestrial images on a daily basis measuring field 
grassland greenness, and an extended period of analysis (study period B), from July 2015 to May 
2019, which covered the whole period with Sentinel-2 availability (since first acquisition time). 
The set of abiotic variables measured at the site during the whole study period (Figure 1b) 
included the following: 
1. Air temperature, recorded using an HMP45A probe (Vaisala OyJ); daily minimum (Tmin), 
maximum (Tmax) and mean temperature (Tmed) values were computed from half-hourly records. 
2. Incoming and outgoing solar radiation (Rad), measured with a four-way radiometer NR-01 
(Campbell Sci. Inc); daily cumulative radiation fluxes were computed from half-hourly records. 
3. Vapor pressure deficit (VPD) was derived from atmospheric pressure and relative humidity 
(HMP45A probe (Vaisala OyJ); daily values were computed from half-hourly records. 
4. Precipitation (R) was measured with a weighing-type recording rain-gauge ARG100 (Campbell 
Sci. Inc); daily values were computed from the aggregation of 30 min cumulative values. 
5. Volumetric soil moisture (SM) was measured at two depths (10 and 30 cm) with an 
ENVIROSCAN (Campbell Sci. Inc) probe at 10 min intervals. Daily values were computed from 
these data and averaged between both depths. 
Figure 2 shows the general meteorological characterization of the study period with monthly 
values of R and Tmed and the monthly average of the province of Córdoba with historical data from 
1971–2000 [44]. A very irregular annual distribution of rainfall was observed, as expected, as well as 
a great thermal amplitude on different time scales. Compared with the historical values, the four 
hydrological years of the study period could be considered within the average regime in terms of 
mean temperature, with values in summer close to 30 °C that may drop below 10 °C in winter, and 
mean annual temperature of 16 °C. In terms of total precipitation, the historical annual value in the 
area was about 650 mm: 2015/2016 and 2016/2017 were normal periods (close to 700 mm) but with 
different temporal distributions; 2017/2018 was an anomalous year in the seasonal distribution of 
precipitation in that it was drier than average until the month of March, in which 356 mm of the final 
820 mm of annual precipitation was concentrated; and 2018/2019 was the driest period (500 mm). 
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Figure 2. Monthly values of precipitation and average temperature (a) during study period 
B from the weather station in Santa Clotilde, (b) from historic data 1971–2000 in Córdoba. 
The satellite image dataset consisted of 242 granules of Sentinel-2 images. It included all 
available images with less than 15% of cloud coverage from July 2015 to May 2019. From March 2017 
to May 2019, the atmospherically corrected product Level 2A available from ESA (European Space 
Agency) was used. From July 2015 to March 2017, the images were atmospherically corrected using 
the module Sen2cor included in SNAP (ESA Sentinel Application Platform v2.3.0). Seven bands were 
processed to compute the different vegetation indices used in this study (the central wavelength and 
the bandwidth are indicated in parentheses): B2 = blue (492 nm; 66 nm), B3 = green (559 nm; 36 nm)), 
B4 = red (665 nm; 31 nm), B5 = red edge 1 (704 nm; 15 nm), B6 = red edge 2 (740 nm; 15 nm), B7 = red 
edge 3 (783 nm; 20 nm) and B8 = near infrared (NIR) (833 nm; 106 nm).  
2.2. Phenological Parameters From Terrestrial Photography 
The greenness of the grass, observed by terrestrial photography, was used as a field indicator of 
grass phenology and used to evaluate the phenological parameters retrieved from the satellite 
images. A quantitative value of this greenness was computed using the Green Chromatic Coordinate 
(GCC) (Equation 1) [45]. The GCC index is not a direct measurement of chlorophyll content, and 
previous research [35,46,47] has addressed its sensibility to changing levels of green pigmentation in 
vegetation and how canopy phenology can be monitored and quantified without the need for a 
human observer. This index is a non-linear transformation of the digital levels of the green color of 
the picture, and it is known to minimize the effects of different lighting between images taken on 




  +   +  
 (1)
where 
GCC: Green Chromatic Coordinate index; 
R: digital level in red; 
G: digital level in green; 
B: digital level in blue. 
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This index was calculated as the average value of the pixels of a homogeneous grass region of 
interest (ROI) (Figure 1c). Daily index values were computed for period A (December 2017 to May 
2019) using the 90th percentile, in which all the GCC values were used in a 3-day moving window, 
assigning the average value to the central day. This methodology is assumed to reduce the error in 
the estimates by more than 30% [49]. 
To calculate the phenological parameters from GCC values, the 50% amplitude method [50] was 
used. In this method, the temporal evolution of a variable is considered as a function, and the state 
changes are supposed to be within 50% of the amplitude of this function. The amplitude was fixed 
for each annual growing cycle as the difference of the minimum GCC (baseline value) and the 
maximum value (peak value). The parameters calculated were as follows: 
Start of season (SOS): time when 50% of the amplitude is reached. 
Peak of season (POS): time when the data reach the maximum value of the cycle. 
End of season (EOS): time when 50% of the amplitude is reached to the right of the peak value. 
To homogenize the extraction of values, the data were fitted using a double logistic function 
(Equation 2), which is commonly employed to process remotely sensed data for phenology 
monitoring [51–53]. This function has proved to be useful for reducing the noise in a satellite time-
series and enforcing a general seasonal shape on noisy data [54]. 






 v(t) = v (2) 
 
where 
v(t): value of the function at time t; 
vmin: minimum value of the amplitude; 
vmax: maximum value of the amplitude; 
x and y: parameters that control the shape of the curve. x1 and x2 control the left and right 
inflexion points, respectively, and y1 and y2 represent the rate of change at time t. 
The TIMESAT program [51,54,55] was used to fit the double logistic function to the time series 
and extract the phenological parameters. 
2.3. Selection of Satellite Vegetation Indices 
The time series of various vegetation indices, derived from Sentinel-2 images, were studied to 
evaluate their ability to capture the phenology of the vegetation observed in the field using terrestrial 
photography. An initial set of VIs, listed in Table 1, were calculated and spatially averaged in the 
FOV given in Figure 1b. The first group of broad-band indices included the Normalized Difference 
Vegetation Index (NDVI) [56], and a version of this which changed the red reflectance for the green 
one—the Green Normalized Difference Vegetation Index (GNDVI) [57]; the Soil Adjusted Vegetation 
Index (SAVI) [58]; the Enhanced Vegetation Index (EVI) [59] and a simplified version, EVI2 [60]. The 
new possibilities of Sentinel-2 red edge bands made a second group of narrowband indices possible, 
including an adaptation of the Meris Terrestrial Chlorophyll Index (MTCI) [61] and two indices 
developed specifically for Sentinel-2 data: the Inverted Red Edge Chlorophyll Index (IRECI) and 
Sentinel-2 Red Edge Position (S2REP) [25]. Finally, GCC was computed using Sentinel-2 bands and 
was named as GCCs to distinguish it from the GCC from the camera, herein called GCCc. All VIs 
were calculated for the whole study period and spatially averaged at the camera FOV. 
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Table 1. Vegetation indices used in the study (listed alphabetically), formulation with Sentinel-2 
bands and the available spatial resolution. Bands of Sentinel-2: B2 = blue, B3 = green, B4 = red, B5 = 
red edge 1, B6 = red edge 2, B7 = red edge 3, B8 = near infrared (NIR). EVI: Enhanced Vegetation Index; 
GCC: Green Chromatic Coordinate; GNDVI: Green Normalized Difference Vegetation Index; IRECI: 
Inverted Red Edge Chlorophyll Index: MTCI: Meris Terrestrial Chlorophyll Index; S2REP: Sentinel-2 
Red Edge Position; SAVI: Soil Adjusted Vegetation Index. 
Index Sentinel-2 Formulation Spatial resolution  
EVI 2.5(B8-B4)/(B8+6B4-7.5B2+1) 10 m 
EVI2 2.5(B8-B4)/(B8+2.4B4+1) 10 m 
GCCs B3/(B2+B3+B4) 10 m 
GNDVI (B8-B3)/(B8+B3) 10 m  
IRECI (B7-B4)/(B5/B6) 20 m 
MTCI (B6-B5)/(B5-B4) 20 m 
NDVI (B8-B4)/(B8+B4) 10 m 
S2REP 705+35(((B7+B4)/2)-B5)/(B6-B5)) 20 m 
SAVI 1.5(B8-B4)/(B8+B4+0.5) 10 m 
Once the indices values were obtained for Sentinel-2 acquisition days, a daily time series for 
period A was computed using a linear interpolation between every two consecutive images. To 
minimize the effect of possible spikes due to clouds or poor atmospheric conditions, daily index 
values were smoothed using the Savitzky–Golay filter [62]. This method replaces each data value by 
a linear combination of nearby values in a moving window, helping to reduce the noise and 
producing a higher quality VI time series [63]. These satellite-derived time series were compared with 
GCCc values for the same period; the statistical analysis was able to identify those of satellite VI better 
on reproducing the digital camera observations. In order to compare the performance of the different 
indices, their values were normalized. 
Similar to GCCc, satellite VI time-series were fitted to a double logistic function, and the 50% 
amplitude method was applied to estimate the phenological parameters, comparing their results with 
those obtained from GCCc data. 
2.4. Selection of Abiotic Variables 
The daily evolutions of different weather variables together with the water content of the root-
depth soil layer were studied to locally evaluate their links with vegetation phenology and to obtain 
information on the main factors influencing their behavior. 
The set of abiotic variables initially selected were those commonly identified in phenological 
studies (Tmax, Tmed and R), the meteorological variables often used in crop growth models (Tmin, Rad 
and VPD), and the water content in the root depth of the soil layer of the grasses (SM). Daily data 
were obtained from half-hourly values of the weather station for the period December 2017 to May 
2019, as described in section 2.1. 
The relationship between these variables and the daily series of GCCc were analyzed throughout 
period A. The principal explanatory variable was also employed to determine phenological 
parameters by fitting its values to a double logistic function, as described previously, and applying 
the 50% amplitude method. 
2.5. Satellite VI and Abiotic Variable Relationship  
The dynamic of the selected satellite VI and the most significant abiotic variable were compared 
during period B (July 2015 to May 2019). For this purpose, data from both of them for this period 
were fitted to a double logistic function, and the phenological parameters were extracted in the same 
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2.6. Statistical Analysis 
To evaluate the relationships between the GCCc, satellite VIs, and the abiotic variables, a Pearson 
correlation matrix and principal component analysis (PCA) were carried out to detect the group of 
variables that similarly governed the behavior of the system [64]. This method generates a new set of 
variables, called principal components (PCs), which are linear combinations of the original ones. The 
variables are related by coefficients that range between −1 and 1. The closer to 1 or −1 they are in a 
certain PC, the higher the direct or inverse influence they exert, respectively, on the PC. All the PCs 
are orthogonal to each other, so there is no redundant information. Once the PCs are obtained, all the 
variables of the system are grouped by processes. Since the original variables have different 
dimensions, standardization was applied prior to the PCA by dividing each one by its standard 
deviation. This process was applied firstly to GCCc with satellite VIs in order to select the 
representative ones, and, secondly, to GCCc with the abiotic variables.  
The TIMESAT program was used to fit a double logistic function to all the variables’ time series 
and extract the phenological parameters. Finally, the coefficient of determination (R2) and the root 
mean square error (RMSE) were used to evaluate the results. 
All these calculations and statistical treatments were conducted by programming in MATLAB 
(The Mathworks Inc., MA). The algorithms used were corcoeff for Pearson correlation matrices, pca 
for PCA and the Curve fitting tool for R2 and RMSE.  
To assess the relationship between the phenological parameters estimated using the indices, the 
differences in days i.e., the biases with respect to the values obtained by the GCCc were computed, 
and the percentage of those biases was calculated with respect to the total length of the phenological 
cycle, with an estimated value of 210 days (seven months) as an average [1]. In the case of the joint 
assessment of satellite VI and the abiotic variable, the bias in days was also calculated. 
3. Results 
3.1. Deriving Phenological Parameters From Terrestrial Photography 
Figure 3 shows the evolution of the GCCc values throughout period A consisting of one and a 
half growing seasons and the function fitted to those data. The days when the baseline, SOS, EOS and 
the two POS for the period were reached have been identified, and the pictures (Figures 3a–3e) 
illustrate the state of the grass at each phenological stage. 
 
Figure 3. Evolution of GCCc (raw data, fitted function and error) throughout period A and 
corresponding images of the phenological dates (red dots): (a) peak of season (POS) 1 (03/22); (b) end 
of season (EOS (06/05); (c) Baseline (08/17); (d) start of season (SOS) (10/17); (e) POS 2 (01/15).  
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The lack of a first cycle starting point and the ending of the second one prevented the analysis 
of a complete single cycle. The start of the period coincided with the installation of the camera; the 
premature end of the second cycle was artificial and due to common farm management practices, i.e., 
plowing and preparing the soil for a future cereal crop. Thus, the parameters to be studied were the 
EOS of the first cycle, the SOS of the second and the peaks of both cycles. The baseline value used 
was the summer minimum of 2018. 
The fitted function presented a high correlation of R2 = 0.9 and a very low error of RMSE = 0.01. 
It can be seen that the dates of the phenological parameters given by the 50% amplitude method 
correctly matched the observations derived from the visual inspection of the digital camera 
photographs. Both POSs showed a green full cover; in the baseline, the grass was totally dry, and 
EOS and SOS showed the beginning of senescence and the grass becoming green, respectively.  
3.2. Terrestrial Camera vs. Satellite-derived Indices 
3.2.1. Satellite and Ground-based Indices Comparison 
The behavior of the different satellite indices and GCCs in the study area was analyzed using 
the histograms of the values obtained during a complete growing cycle (year 2018). Figure 4 presents 
the distribution of the normalized VI values throughout this year. It can be observed that some 
variability was derived from the different algorithms and band combinations. All indices presented 
a first peak corresponding to low/very low values. This peak was more pronounced for EVI2, SAVI, 
IRECI and GCCs. Most indices also presented a second peak corresponding to intermediate/high 
index values. NDVI, EVI, GNDVI showed a more balanced distribution between both peaks than the 
previous group. However, MTCI and S2REP shapes do not completely follow this general pattern. 
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Figure 4. Histograms of vegetation index (VI) normalized values in the study area during 2018. Blue: 
satellite VIs; Green: Digital camera index. 
Table 2 shows the Pearson correlation coefficients of daily time series of GCCc with the daily 
time series of a selection of satellite-derived VIs. 
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Table 2. Pearson correlation matrix between GCC data and the satellite VI on a daily scale. *p < 0.001. 










The correlation of all satellite indices with GCCc was significant (p < 0.001) and had a high 
correlation value (r > 0.7), except for MTCI and S2REP (r = 0.52 and –0.44, respectively).  
The results for PCA are shown in Figure 5. Most of the variance (79%) was explained by the PC 
1, in which two groups of indices could be distinguished: a first group of higher coefficients (equal 
to or greater than 0.3) included GCCc and GCCs with the rest of the satellite indices except the MTCI 
and S2REP, which would together form a second group with lower or negative coefficients. In turn, 
these two indices presented higher values (> 0.5) in PC 2, which explained 11% of the total variance.  
 
Figure 5.Principal component analysis (PCA) of GCCc and vegetation indices. The two first principal 
components (PCs) are shown. Between parenthesis: percentage of variance explained. 
3.2.2. Satellite-derived Phenology 
Based on the results of the previous section, VIs with a correlation higher than 0.7 and placed in 
the same group of data in PCA were selected for the subsequent analysis. Thus, seven satellite VIs 
were selected for the phenological analysis: EVI, EVI2, GCCs, GNDVI, IRECI, NDVI, and SAVI. 
The smoothed daily data from the fitted functions are shown in Figure 6 together with the 
phenological parameters obtained from those VIs. 
45




Figure 6. (a) Evolution of vegetation indices (raw data, fitted function and error) throughout the study 
period (a1 = EVI, a2 = EVI2, a3 = GCCs, a4 = GNDVI, a5 = IRECI, a6 = NDVI, a7 = SAVI). (b) 
Comparison of the phenological dates of GCCc and satellite VIs in period A. 
All fitted functions showed very high correlation values (R2 > 0.95) and low RMSEs (<0.03).  
It can be observed (Figure 6) that the EOS was the parameter which was most similarly estimated 
by all indices and had the lowest bias with respect to the GCCc. The estimation of both POSs 
presented a higher dispersion. For this reason, POS 1 and POS 2 derived from the original raw data 
have been also included in Table 3 in addition to the values derived from the adjusted functions. 
These data are not presented for the EOS and SOS parameters due to the observed existence of erratic 
spikes that may cause erroneous estimations of green-up or real senescence shifts. Table 3 
summarizes the biases of the phenological dates of the satellite VI with respect to GCCc (Figure 6b).  
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Table 3. Biases in days of the phenological parameters extracted from satellite vegetation indices 
with respect to GCCc, for POS 1, EOS, SOS and POS 2. The percentage of error with respect to the 
whole cycle is displayed in parentheses. 
 
POS 1  
(raw data) 
POS 1 EOS SOS POS 2 
POS 2  
(raw data) 
EVI –8 (3.7) 1 (0.5) 6 (2.9) 31 (14.8) 30 (14.3) 36 (17.2) 
EVI2 20 (9.3) 28 (13.3) –2 (9) 25 (11.9) 23 (11) 23 (11) 
GCCs 18 (8.7) 28 (13.3) –13 (6.2) 12 (5.7) 3 (1.4) –3 (1.4) 
GNDVI 13 (6) 22 (10.5) –6 (2.9) 9 (4.3) 11 (5.2) 6 (2.9) 
IRECI 26 (12.4) 31 (14.8) –5 (2.4) 34 (16.2) 30 (14.3) 37 (17.7) 
NDVI 4 (1.9) 9 (4.3) 1 (0.5) 9 (4.3) 9 (4.3) 2 (0.9) 
SAVI 17 (8.2) 26 (12.4) –1 (0.5) 21 (10) 21 (10) 23 (11) 
The estimation of the green up (SOS) was delayed by all satellite VIs, with GCCs, GNDVI and 
NDVI presenting the lowest errors of around ten days (less than 10% of the cycle). The agreement 
was higher for the end of the season, with errors below 10% in all cases and biases of only one day 
using NDVI and SAVI. For both peaks of the season, there was a general delay in the estimations, 
with lower errors in POS 1 than in POS 2 in most cases. EVI and NDVI produced the best results for 
POS1, and GCCs and NDVI for POS 2. However, in the case of POS, the dates obtained using the 
original raw data generally improved the estimates. It could be of interest to evaluate the impact of 
specific weather events. In general, NDVI obtained the most consistent results and lowest errors; 
considering this, NDVI was selected for further analysis in this work. 
3.3. Analysis of Abiotic Variables and Greenness Dynamics 
The results of the Pearson correlation matrix between the daily time series of GCCc and the daily 
time series of selected abiotic variables for period A are shown in Table 4. All correlations were 
significant (p<0.001), and soil moisture (SM) presented the highest correlation (r = 0.75). Some 
variables, including VPD, Rad, Tmin, Tmed, and Tmax, were inversely correlated with greenness. Rainfall, 
although positively correlated, presented the lowest coefficient of all analyzed variables. In the PCA 
results (Figure 7), the first PC explained 60% of the total variance, showing high coefficients (greater 
than 0.3) for most variables. Similar to the correlation matrix results, a first group with negative 
coefficients included GCCc and variables favoring an increase of soil water content (SM and R); a 
second group with positive coefficients was formed by variables with high values during the summer 
when the grass canopy was dry. 
Table 4. Pearson correlation matrix between GCCc data and the abiotic variables at a daily scale. *p 
< 0.001. 
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Figure 7.Principal component analysis (PCA) of GCCc and abiotic variables. The two first principal 
components (PCs) are shown. Between parenthesis: percentage of variance explained. 
3.3.1. Grassland Phenology and Soil Moisture Relationship 
Considering the previous results, SM has been selected to evaluate its capability to predict the 
phenology of the grass canopy of oak–grass savanna ecosystems. Figure 8a shows the distribution of SM 
data and the fitted function. This function presented a correlation of R2 = 0.9 and an error of RMSE = 0.02, 
indicating a good agreement, although to a lesser extent than those obtained for GCCc and satellite VIs. 
 
Figure 8. (a) Evolution of SM (raw data, fitted function and error) for the study period. (b) 
Comparison of the phenological dates of GCCc (green) and SM (blue) in period A. 
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The phenological parameters predicted by this function were compared to those derived from 
GCCc (Figure 8b). The SOS and EOS were quite similar to the timings estimated by GCCc, with a 
slight advance in both dates according to SM estimations. The 50% amplitude method resulted in 
similar values of SM, around 0.14 m3 /m3 on average, marking the beginning and the end of the 
growing season.  
3.4. Relationships Between Soil Moisture and NDVI 
The relationship between NDVI and SM—i.e., the variables that best suited the phenological 
monitoring of the grassland according to the previous results—were analyzed during period B (July 
2015 to May 2019) comprising a total of four growing seasons.  
Figure 9 shows the data for SM, the smoothed data for NDVI, the functions fitted to both series, 
and the phenological parameters extracted from them. The marked and mostly synchronized 
seasonality of both variables can be observed. The highest differences were found during the second 
year, corresponding to the growing season 2016/2017, with differences of 9 days (4.3%) for SOS, 28 
days (13.3%) for POS and 16 days (7.6%) for EOS. Both fitted functions showed a high correlation (R2 
= 0.9 for SM and R2 = 0.93 for NDVI) and low errors (RMSE = 0.02 for SM and RMSE = 0.04 for NDVI). 
Compared to GCCc, NDVI showed a later response to water availability, resulting in lower 
differences in monitoring the phenology.  
 
Figure 9. (a) Evolution of NDVI (raw data, fitted function and error) throughout the study period. (b) 
Evolution of SM (raw data, fitted function and error) during the study period. (c) Comparison of the 
phenological dates of NDVI and SM in the whole study period  
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4. Discussion 
4.1. Capability of the Terrestrial Photography to Provide Phenological Parameters 
The two hydrological years of study period A are an example of Mediterranean climate 
variability (Figure 2), and therefore of phenology variability. In 2017/2018, most of the precipitation 
was concentrated in a short period of time at the beginning of March, and POS 1 occurred shortly 
after those intense events. On the other hand, 2018/2019 was a drier year, but with a more regular 
rainfall distribution in the fall and spring. A lower GCCc maximum value was reached, but the 
growing season was longer, producing a plateau shape in which an intermediate value was identified 
as POS 2.  
GCCc values ranged between 0.35 and 0.5, reaching their maximum values between November 
and April, eventually presenting drops of varying duration and intensity due to the particular 
weather conditions of the year. This temporal trend of the GCCc time series was similar to the one 
observed by other studies in Mediterranean grasslands [65,66]. The reasonable behavior of the CGGc 
of canopy status in the field according to the weather conditions, the previous studies and the visual 
observations provided by the terrestrial photography supported the use of GCCc time series as a 
reference to evaluate the performance of satellite vegetation indices.  
4.2. Comparison of Ground and Satellite-based Indices  
The first peak with a low value observed in Figure 4 corresponds to a predominance of dry 
grass/bare soil coverage during the dry season. Indices particularly sensitive to soil contribution, such 
as EVI, EVI2 and SAVI [58], present a higher concentration around these low values. The second peak 
may correspond to the central time of the spring, when the greening is widespread, while 
intermediate values reflect periods of green-up and senescence. The narrow band indices (IRECI, 
MTCI and S2REP) showed a wider distribution in values, probably due to the greater sensitivity to 
the changes that the red edge presented. It is worth mentioning that NDVI and GNDVI presented a 
sharpened ending at high values compared to other indices, with an accumulation of intermediate–
high values that did not reach its maximum. This might indicate a certain degree of saturation of both 
indices under high grass cover conditions. This issue, described in previous studies for forest or high 
biomass crops [67,68], appears to occur here also to some extent. It is also worth noting the difference 
in the distribution of GCCs and GCCc; with the same formulation, the satellite version presented 
lower values than those calculated using the field camera. This result could have been due to the 
differing geometry of the image acquisition. 
The low correlation for MTCI shown in Table 2 could be explained by the rapid response of this 
index to chlorophyll variations [61]. This causes the time series to follow a different trend than the 
rest of the indices, which is more connected to green foliage density [69] with smoother transitions. 
MTCI has presented good results in more homogeneous canopies, such as subalpine grasslands [33] 
or in deciduous trees in Central Europe [70]. In this case, the high diversity of species, typical of 
Mediterranean grasslands, might explain the high variability observed in these values. The case of 
S2REP is similar since it was also designed to measure chlorophyll variation using three bands 
located in the red-edge region, and allegedly provides a better characterization of the red-edge slope 
than MTCI [25]. IRECI also uses three bands in the red edge, although the high correlation presented 
with GCCc might be explained by a different formulation. In this case, the index was designed to 
focus on the chlorophyll content of the canopy instead of the leaf scale addressed by S2REP [25]. The 
influence of the vegetation ground coverage and foliage density was higher and more similar to the 
other broad-band indices. 
The results for PCA in Figure 5 showed that most of the variance (79%) was explained by the PC 
1, in which two groups could be distinguished; a first group of higher coefficients (equal to or greater 
than 0.3) included GCCc and the rest of the satellite indices except the MTCI and S2REP, which would 
form a second group with lower or negative coefficients. In turn, these two indices had high values 
(>0.5) in PC 2, which explained 11% of the total variance. This grouping confirmed the results 
obtained by the Pearson correlation and suggested that these two red-edge indices might be related 
50
Remote Sens. 2020, 12, 600 17 of 23 
 
to a different process than the rest. In that case, MTCI and S2REP would be more useful for estimating 
leaf chlorophyll content [61,71], while the rest were more influenced by canopy foliage. Regarding 
the pixel size, it does not seem to have had an influence on previous results or to determine the 
selection of the index for the conditions of this study. IRECI, at 20 m in size (like MTCI and S2REP), 
was included in the subsequent phenological analysis. 
The estimation of the green up (SOS) was delayed by all satellite VIs, but GCCs, GNDVI and 
NDVI presented low errors of around ten days (less than 10% of the cycle). The agreement was higher 
for EOS, with errors below 10% in all cases and biases of only one day using NDVI and SAVI. 
However, in the case of POS, the dates obtained using the original raw data generally improved the 
estimates—something of interest to evaluate the impact of specific weather events—nevertheless, in 
the case of analyzing long time series, fitted functions provide a useful homogenization procedure, 
generally leading to a more consistent analysis. 
The disagreement in terms of POS estimations between satellite-borne and ground-borne 
sensors can be explained by the different acquisition angle of both systems. The field camera captures 
flowering and the presence of non-photosynthetic elements such as stems [46], which might reduce 
greenness and anticipate peak time. Despite this factor, NDVI exhibited a very similar behavior to 
GCCc, with lower differences in days than those of previous studies in grasslands [66,72]. A possible 
reason for the comparatively lower errors could be the higher spatial resolution employed in this case 
(10 m for Sentinel-2 versus 250 or 500 m for MODIS, as previously used). This factor may become a 
major issue in mixed grass/tree systems [34]. GNDVI also provided good general results for EOS and 
SOS, although POS, especially for the first year, was somewhat delayed. GCCs, with the same 
formulation as GCCc, presented higher errors than NDVI when applied to satellite bands. EVI, EVI2, 
IRECI and SAVI displayed the highest difference of days in this study, despite EVI2 and NDVI having 
performed similarly in other types of grasslands [47] and with even better EVI2 results for maize 
yield [73] and EVI for deciduous tree coverages ([74,75]). In general, NDVI obtained the most 
consistent results and the lowest errors (less than 10% in all cases). These good results support the 
use of this multi-scale approach to complement phenology studies in grasslands. Even though the 
availability of terrestrial camera observations is not widespread, the increasing number of these 
stations is a promising framework to encourage this combined strategy.  
4.3. Analysis of the Dynamics of Abiotic Variables, Greenness and Phenology 
The results shown in Table 4 are consistent with the water-limited condition of this ecosystem, 
where the dynamics of plant development and soil moisture are intimately related. This explains the 
high correlation of SM with GCCc, and the positive values found for SM and rainfall, with both 
variables favoring an increase in soil water content. The low correlation coefficient of the rainfall was 
also reasonable considering the daily time scale and the bulk analysis performed over a period with 
high rainfall variability. Rainfall has been previously related to the timing of leaf flush in dry forest 
[76], suggesting that an event-based analysis at specific times of the year might produce different 
results. High values of solar radiation, air temperature and VPD—characteristics of the dry season—
are linked to an increase in atmospheric water demand, thus accelerating the water stress process in 
the vegetation and explaining the inverse relationships with grass greenness. This general description 
of the ecosystem behavior is also supported by PCA results (Fig 7). The first PC explained 60% of the 
total variance, showing high coefficients (greater than 0.3) for most variables. Similar to the 
correlation matrix results, a first group with negative coefficients included GCCc and variables 
favoring an increase in soil water content (SM and R); a second group with positive coefficients was 
formed by variables with high values during the summer when the grass canopy was dry. These 
variables might negatively influence the plant water status in water scarce conditions. No significant 
differences in both analyses were obtained when the different growing season stages were analyzed 
separately. 
Analyzing the behavior of SM shown in Figure 8, the value of SM selected by the 50% method 
for the EOS seems slightly high, as it coincides with a fraction of around 60% of the total available 
soil water. This depletion fraction is close to the threshold used for crops [77] below which the soil 
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water can no longer be transported quickly enough towards the roots to meet the transpiration 
demand, and the plant starts to experience stress. However, in this application, this threshold is 
supposed to indicate the complete senescence of the plant rather than the beginning of plant water 
stress, which might indicate that both processes—the soil drying and the response of the vegetation—
happened very quickly.  
The use of SM to compute the POS in this environment makes less sense than for SOS and EOS, 
and the biases found with respect to GCCc estimations confirm this point. First of all, the data 
reflected a significant difference between the two POSs reached in the field-calibrating period as a 
consequence of the natural climatic variability of this region. POS 1 estimation with SM was closer to 
GCCc estimation, occurring with a bias of 9 days (4.3%). For POS 2, the bias was of –23 days (11%), 
presenting a difficult identification of the peak due to a flatter distribution of SM over the mid-
growing season. Looking at the distribution of GCCc (Figure 3) and SM (Figure 8a), the shape of the 
first cycle was sharper because high SM values were concentrated in a short period, producing a fast 
response in GCCc values, with the POS reached before the SM peak, once the plant had no limitation 
to accessing soil water. In the second cycle, the distribution of SM followed a distribution with two 
similar low peaks (November 2018 and February 2019) with a slightly drier period around January. 
This reduction in SM was reflected by both GCCc (Figure 3) and some satellite VIs such as NDVI or 
GCCs (Figure 6), confirming the close link between SM and greenness and also the fast response of 
the vegetation to relatively small reductions in SM. This change in SM was small and it was not 
reproduced by the different fitted functions however, nevertheless, it caused a notable bias in the 
peak identification. Using the unfitted data for the POS, the results were similar; in POS 1, there was 
an advance of 9 days (4.3%), and in POS 2, this was 31 (14.7%). 
4.4. Relationship Between SM and NDVI 
The synchronized seasonality of both variables observed in Figure 9 has already been pointed 
out for other vegetation types under arid or semi-arid conditions in [78], in which the authors 
reported an increasing synchronization following a gradient of dry season length in a region. It is 
worth noting here the similar shapes of both variables following the beginning and the end of the dry 
periods, supporting the higher control of soil moisture on vegetation development during those 
periods. In general, an average delay between 3 and 10 days can be noted in the estimation of most 
phenological parameters with NDVI with respect to SM. The highest differences were found in the 
second year, corresponding to the growing season 2016/2017, with differences of 9 days (4.3%) for 
SOS, 28 days (13.3%) for POS and 16 days (7.6%) for EOS. During that year, the grassland was plowed 
and sown in the middle of February, following a management practice conducted every nine years 
or so that is currently disappearing in the area. Therefore, these two grass-growing cycles were 
artificially shaped and were not adequately reproduced by the fitting function. The poor adjustment 
of the function affects the phenological estimations, increasing their errors. Apart from this specific 
case, both fitted functions showed a high correlation (R2 = 0.9 for SM and R2 = 0.93 for NDVI) and low 
errors (RMSE = 0.02 for SM and RMSE = 0.04 for NDVI). Compared to GCCc, NDVI showed a later 
response to water availability, resulting in lower differences in monitoring the phenology. However, 
this difference could simply be due to the lower temporal resolution of satellite data, with a minimum 
of 5 days, compared to the daily availability of the terrestrial photography. 
5. Conclusions 
The phenology of a semi-arid grassland was monitored using terrestrial photography, satellite 
images, and abiotic ground measurements. The similarities and discrepancies observed using these 
datasets supported the capability of satellite vegetation indices to track important phenological 
parameters of this canopy and highlight the close relationship between these phenological 
parameters and the soil moisture dynamic under the study conditions. 
The methodology to process the ground and satellite time series and extract the phenological 
information, implemented in TIMESAT, successfully fitted the data, with high correlation coefficients 
and low errors (R2> 0.9 and RMSE < 0.03 in all cases at the two scales), and identified key seasonal 
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changes of the natural grasslands. On the ground, daily time series of the GCCc, computed using 
digital photography, estimated grassland phenological parameters in accordance with visual 
inspection and with the observed climatic conditions of the experimental study period. On the S2 
satellite platform, NDVI was the index that better reproduced ground GCCc behavior, with the 
highest correlation (r = 0.83) and less than 10 days of difference for all the phenological parameters 
studied (representing less than 5% error within a grass cycle). None of the VIs using bands in the red-
edge region improved the NDVI results. Two of them, MTCI and S2REP, followed a different trend 
than the rest of the explored indices. Both indices presented a high temporal variability, which could 
be explained by chlorophyll content variations caused by the diversity of species of this grassland, 
different to the more homogeneous canopies of previous studies [33,70]. The rest of the indices were 
more related to foliage density [69] and presented smoother changes in this canopy.  
The abiotic variable that best represented the behavior of GCCc was SM (r = 0.75). The estimation 
of SOS and EOS phenological parameters using SM time series presented a good agreement with 
GCCc, with SM reaching threshold values a few days before greenness ones, as measured by GCCc. 
The values of SM found at the beginning and the end of the growing seasons, when changes between 
green and senescent stages occurred, were high according to the modeled soil water holding capacity. 
This might indicate that these modeled values were not accurate enough to assess the quick response 
of this canopy to the soil drying process. On the other hand, SM was not a good indicator of the POS, 
presenting significant biases with respect to GCCc estimations.  
Finally, the behavior of NDVI and SM during the four growing seasons points out the 
synchronized seasonality shown in this system by the vegetation greenness, measured here by the 
NDVI and the SM. Higher agreement was found at the beginning and the end of the dry season, with 
stage changes estimated first by SM followed by NDVI with a delay of between 3 to 10 days. Taking 
into account these results, it is possible to monitor the water state of the soil from the phenological 
parameters obtained with NDVI of S2 and also to determine the phenological state of the cover from 
the SM with errors below ten days for this type of coverage. 
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Los resultados presentados en esta tesis han demostrado la utilidad de los sensores 
remotos para obtener indicadores medioambientales eficaces tanto para cuantificar y apoyar el 
seguimiento de la vegetación y la hidrología de las zonas de estudio, como para asistir en la toma 
de decisiones sobre la gestión de estas zonas a escala de parcela, finca o cuenca hidrológica. 
Teniendo en cuenta la variabilidad del clima mediterráneo y de su vegetación, los períodos y áreas 
de estudio seleccionados para evaluar los distintos indicadores han recogido buena parte de esta 
heterogeneidad y se pueden considerar representativos de las condiciones más frecuentes en 
estos sistemas. 
En el capítulo 2, queda mostrada la eficacia del uso del vigor de la vegetación de cubiertas 
naturales como indicador de las condiciones de humedad del suelo al final del año hidrológico. Las 
tendencias temporales y espaciales del NDVI, derivado de imágenes Landsat 5 y 7, se calcularon 
y se relacionaron con los diferentes patrones hidrológicos establecidos con el modelo hidrológico 
WiMMed. La heterogeneidad en el comportamiento hidrológico durante el período de estudio 
(914.5 mm de precipitación anual en el año más húmedo (2009-2010) y 284.4 mm en el más seco 
(2004-2005)) se reflejó en las diferencias en los valores de NDVI, más o menos constantes en 
coníferas (0.5-0.6) y más variables para las cubiertas de matorral. Las correlaciones entre las 
variables para las diferentes cubiertas y el ACP a escala espacial mostraron que, para las 
cubiertas de coníferas el SCWd se relacionó con las variables involucradas en el balance de agua 
líquida del suelo. En el caso del matorral, también se relacionó con el NDVI y las variables 
implicadas en la dinámica de la nieve. En la zona de encinar-matorral se produjo un 
comportamiento intermedio. Los mejores ajustes temporales se encontraron con ajustes 
exponenciales entre los valores espaciales anuales promedio de SWCd y NDVI en la cubierta de 
matorral con coeficientes r2 superiores a 0,7 y valores de RMSE inferiores a 0,051. En esta 
cubierta también se encontraron las mayores correlaciones en el análisis intra-anual, alcanzando 
coeficientes r2 superiores a 0.85 en los mejores años. Con todo ello, se puede concluir que la 
mejor cubierta para ser usada como indicador de la humedad del suelo al final del año hidrológico 
en el área de estudio es la de matorral, lo que puede ser tenido en cuenta como punto de partida 
para la validación de modelos hidrológicos en zonas remotas. 
En el capítulo 3, se ha adaptado y aplicado un modelo LUE a los pastizales de un 
ecosistema dehesa a dos escalas diferentes y utilizando imágenes de dos satélites para explorar 
su capacidad de servir, respectivamente, como indicador de la variabilidad de la productividad de 
los pastizales a escala regional y para el seguimiento de la gestión a nivel local o de parcela. Los 
resultados mostraron precisiones admisibles en ambas escalas, de acuerdo con los objetivos del 
estudio, después de la calibración de los parámetros fPAR y ɛmax teniendo en cuenta las 
características de los pastizales mediterráneos y el efecto del arbolado. Los errores promedio en 
el NPP acumulado, obtenido a escala regional durante los dos años hidrológicos analizados, 
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fueron del 13%. Esta precisión se considera aceptable para este tipo de cubierta, especialmente 
cuando se compara con los resultados utilizados y aceptados en cultivos agrícolas, con coberturas 
del suelo más homogéneas que estos pastizales naturales. A escala de parcela, el error en la 
estimación fue del 16%, también se consideró aceptable para el uso propuesto, dado que las 
mejoras realizadas en el pasto y evaluadas por este procedimiento pueden aumentar la 
producción hasta el 70%. Estos resultados respaldaron el uso de este enfoque como una 
herramienta para el seguimiento de los pastizales de dehesa con diferentes propósitos, como 
apoyo en el diseño de instrumentos de política agraria para la conservación y mejora del 
ecosistema; o bien para proporcionar servicios de asesoramiento a los agricultores y ganaderos 
para mejorar las prácticas de gestión. En este capítulo también se exploraron diferentes enfoques 
para la parametrización del efecto del estrés hídrico en la producción primaria bruta (GPP) en el 
sistema dehesa, como punto de partida para profundizar en este indicador vinculado a la 
producción del pasto. A escala diaria, el uso combinado de un índice de estrés hídrico además de 
los umbrales meteorológicos proporcionó las mejores estimaciones de GPP, especialmente para 
las estaciones secas (valores de r2 alrededor de 0.8 y RMSE de 0.4). Sin embargo, este método 
presentó un sesgo que, en los valores acumulados, resultó en una subestimación significativa de 
las estimaciones estacionales. El uso de un valor fijo presentó los resultados más pobres, 
apoyando la necesidad de factores de atenuación ambiental. 
En el capítulo 4, se estudió el vínculo entre la fenología del pasto y la dinámica del agua en 
el suelo utilizando una combinación de fotografía terrestre, imágenes satelitales y medidas en 
campo. Las similitudes y discrepancias observadas al usar este conjunto de datos respaldaron la 
capacidad de los índices de vegetación derivados de imágenes de satélite para obtener 
parámetros fenológicos relevantes para el pastizal y resaltaron la estrecha relación entre estos 
parámetros fenológicos y la dinámica de la humedad del suelo bajo las condiciones del estudio. 
Los resultados mostraron que los parámetros fenológicos estimados por el NDVI de S2 (r = 0.83, p 
<0.001) y la humedad del suelo (SM) (r = 0.75, p <0.001) presentaron la mejor relación con los 
derivados de las observaciones proporcionadas por la cámara digital terrestre. Finalmente, el 
comportamiento de NDVI y SM durante los cuatro periodos de crecimiento que se analizaron 
mostraron la sincronización en este sistema de la dinámica de ambas variables, con cambios de 
estado fenológico estimados primero por la humedad del suelo, seguido por NDVI, con un retardo 
de entre 3 y 10 días. Teniendo en cuenta estos resultados, es posible realizar un seguimiento del 
estado hídrico del suelo a partir de los parámetros fenológicos obtenidos con el NDVI de S2 y 
también determinar el estado fenológico de la cubierta a partir de SM con errores por debajo de 
diez días para este tipo de cubierta.  
Estos resultados también han puesto en evidencia la necesidad de profundizar en 
determinados aspectos de los indicadores propuestos, con el fin de mejorar la precisión de las 
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estimaciones y de ampliar sus condiciones de aplicación. En concreto, se identifican los siguientes 
puntos para futuras líneas de investigación en este ámbito:  
- En el caso primer indicador, es necesario abordar estudios en escalas de tiempo más 
cortas y usando cubiertas naturales con ciclos de crecimiento estacional, como sería el de pasto 
de alta montaña. Esto nos permitiría evaluar la efectividad de su uso para eventos de lluvia 
concretos y no solo para el año hidrológico completo. 
- El método propuesto para eliminar la contribución de los árboles a la señal de NDVI parece 
adecuado en las condiciones del área estudiada. Sin embargo, la densidad de los árboles de 
estas áreas fue baja (<50%) y únicamente incluían un estrato herbáceo, por lo que el rendimiento 
de este enfoque en áreas con presencia de árboles caducifolios o un estrato de arbustivo 
desarrollado requeriría de un análisis más detallado. Del mismo modo, el parámetro de eficiencia 
en el uso de la luz también exige más atención. Algunos aspectos del mismo, como la influencia 
de las propiedades del suelo y la evaluación del modelo en situaciones extremas de alta y baja 
producción, deben abordarse en el futuro para reducir los errores actuales. Por último, el efecto 
del ganado no se ha tenido en cuenta en este indicador y sería de gran utilidad para evaluar el 
efecto de las rotaciones del ganado en la producción. 
- El desarrollo de futuras aplicaciones del indicador fenología-hidrología requeriría una serie 
temporal más larga que la actualmente disponible de datos de Sentinel-2. Esto permitiría evaluar 
el efecto de años con condiciones climáticas extremas. Por otro lado, los resultados alcanzados 
animan a ampliar este seguimiento a una escala espacial mayor, teniendo en cuenta factores 
adicionales como la topografía del terreno. 
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